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ABSTRACT
Tree demography is foundational to ecology and conservation, from mass tree
die-offs to forest recovery. Plot-level studies of tree demography, including field
measurements of tagged individuals, have been fundamental for developing ecological
theory and forest management strategies. However, the limited spatial extent of field
plots impedes generalizing plot-level models for spatial predictions across heterogeneous
landscapes. Novel high-spatial resolution remote sensing imagery has opened the
possibility for measuring tree demographic rates with continuous spatial coverage at
landscape to regional extents. Remote sensing derived measurements could address
pressing research questions, including disentangling causes of high variation in natural
regeneration across secondary forest landscapes. Despite the promise of high-spatial
resolution imagery for ecology, applying these data to ecological questions will require
novel modeling approaches that can account for large amounts of spatial data that often
include hierarchical structure. In this thesis, I apply high-resolution remote sensing to
upscale tree demography at landscape scales, and provide guidelines for ecologists
seeking to parametrize spatially explicit models for neighbor interactions by combining
field data, high-resolution remote sensing, and Bayesian quantitative methods. Chapter 1
demonstrates how high-spatial resolution remote sensing can help improve predictions of
tree recruitment at the landscape scale. This chapter is the first step towards new support
tools that inform restoration projects about where and which species will regenerate
naturally in agricultural landscapes. Chapter 2 addresses how to optimize neighbor
viii

interaction models using the Hamiltonian Monte Carlo algorithm. I demonstrate how
ragged matrices could solve data storage inefficiencies associated with the neighbor
interaction models' pairwise structure. I also provide code for a model parametrization
that solves a sampling pathology associated with high correlation in hierarchical
structures and an overview of metrics to assess when this hierarchical structure pathology
is present. Chapter 3 explores the influence of biophysical and anthropogenic drivers on
tree mortality in agricultural landscapes using high-resolution remote sensing data. The
results suggest that accessibility and land management are core factors that could be
managed to prevent the mortality of agricultural trees. Educational initiatives and new
policies that address anthropogenic factors could be the answer to reduce agricultural tree
loss. Overall, this thesis brings together Bayesian statistical methods with novel highresolution remote sensing to overcome the spatial limitation of field measurements and
produce spatial predictions and inference on drivers of tree demography across
heterogeneous landscapes.
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CHAPTER ONE: SCALING UP PREDICTIONS OF TREE SPECIES RECRUITMENT
IN A TROPICAL LANDSCAPE
Abstract
Predicting forest recovery at landscape scales will aid forest restoration efforts.
The first step in successful forest recovery is tree recruitment. Forecasts of tree recruit
abundance, derived from the landscape-scale distribution of seed sources (i.e., adult
trees), could assist efforts to identify sites with high potential for natural regeneration.
However, previous work has revealed wide variation in the effect of seed sources on
seedling abundance, from positive to no effect. We quantified the relationship between
adult tree seed sources and tree recruits, and predicted where natural recruitment would
occur in a fragmented tropical agricultural landscape. We integrated species-specific tree
crown maps generated from hyperspectral imagery and property boundaries data on land
ownership with field data on the spatial distribution of tree recruits from five species. We
then developed hierarchical Bayesian models to predict landscape-scale recruit
abundance. Our models revealed that species-specific maps of tree crowns improved
recruit abundance predictions. The conspecific crown area had a much stronger impact on
recruitment abundance (8.00% increase in recruit abundance when conspecific tree
density increases from zero to one tree; 95% CI: 0.80 to 11.57%) than the heterospecific
crown area (0.03% increase with the addition of a single heterospecific tree, 95% CI: 0.60 to 0.68%). Land ownership was also an important predictor of recruit abundance: the
best performing model had varying effects of the conspecific and heterospecific crown
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area on recruit abundance, depending on property identity. We demonstrate how novel
remote sensing approaches and cadastral data can be used to generate high-resolution and
landscape-level maps of tree recruit abundance. Spatial models parameterized with
ecological, socioeconomic, and remote sensing data are poised to assist decision support
for forest landscape restoration.
Introduction
Natural regeneration in tropical landscapes is a low-cost natural climate solution
that can sequester carbon while supporting other ecosystem services (Robin L. Chazdon
and Uriarte 2016; Lennox et al. 2018; Matos et al. 2020; Cook-Patton et al. 2020).
Operationalizing natural regeneration as a strategy in forest landscape restoration (FLR)
plans will require identifying locations where native tree cover will return without active
restoration (Norden et al. 2015; R. L. Chazdon and Guariguata 2018). However, natural
regeneration in tropical landscapes is unpredictable, with high variability in successional
trajectories among sites (Norden et al. 2015). Understanding the demographic
mechanisms that drive landscape-scale forest recovery could reduce uncertainty in
secondary forest succession forecasts (Menge and Chazdon 2016; T. Trevor Caughlin,
Peña‐Domene, and Martínez‐Garza 2019).
Tree recruitment is a demographic rate required for forest recovery but is poorly
understood at landscape scales. A minimum number of seeds must arrive to initiate forest
recovery (Caughlin et al. 2016a). Low recruitment, including seed dispersal, germination,
and seedling survival, can be a critical impediment for reforestation (Holl et al. 2000).
Nevertheless, attempts to relate seed sources (e.g., forest patches) to tree recruitment in
reforesting landscapes have shown mixed results. For example, some studies have found
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that recruit abundance increases with closer proximity to forest fragments (Parrotta 1993;
Heather P. Griscom, Griscom, and Ashton 2009; Crk et al. 2009; Robiglio and Sinclair
2011; Elliott, Blakesley, and Hardwick 2013; Crouzeilles and Curran 2016; Breugel et al.
2019), while others have found weak or undetectable effects of surrounding forest cover
on recruit abundance (Duncan and Duncan 2000; Lopes et al. 2012; Zahawi et al. 2013;
Holl et al. 2017). Resolving why some studies find strong impacts of landscape seed
sources on recruitment while others do not, will advance our ability to forecast natural
regeneration over large areas.
A challenge of quantifying the relationship between seed sources and recruitment
rates is that seed dispersal occurs at large spatial scales (>km), but recruitment success
varies spatially at fine scales (m). The spatial patterns of dispersal and recruitment are
modified by differences in dispersal syndromes and functional traits among species and
the relative abundance of reproductive trees in the landscape. Attempts to understand
recruitment patterns by lumping multiple tree species into a single metric (e.g., distanceto-forest-edge; Robiglio and Sinclair 2011, Crouzeilles and Curran 2016, Holl et al.
2017) do not take species-specific dispersal syndromes and abundances into account.
Therefore these attempts may erroneously predict high recruitment potential for species
absent as reproductive trees in the landscape. Alternately, a high abundance of
conspecific trees (trees of the same species) could negatively affect recruitment due to
conspecific negative density dependence (CNDD; Comita et al. 2010, Johnson et al.
2012, Uriarte et al. 2018). We hypothesize that predictions of tree recruitment in tropical
agricultural landscapes will improve when based on maps containing all reproductive
trees identified to the species (C.A. Harvey, Tucker, and Estrada 2004; Graves et al.
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2016; Tarbox, Fiestas, and Caughlin 2018).
Another potential factor explaining the high uncertainty in forest recovery
trajectories is human land use. Land management choices can result in different
disturbance regimes (e.g., burning, clearing) that influence forest recovery (Mesquita et
al. 2001). Landowner preferences also influence species abundance and ecological
dynamics that shape recruitment (Heather P. Griscom, Griscom, and Ashton 2009;
Metzel and Montagnini 2014). For example, when deciding whether or not to enable
natural regeneration on their properties, some farmers may favor rare species' natural
regeneration rather than common species (Lengkeek 2003). Thus, land management is
likely to alter tree recruitment patterns in ways that are species-specific and vary across
the landscape.
High-resolution spatial information on the position and identity of trees on land
management may help to improve predictions of tree recruitment. In particular, aerial
lidar and hyperspectral imagery can be used to map individual adult tree crowns and
species across multiple land ownership units (F. J. Fischer, Maréchaux, and Chave 2019).
Segmented tree crowns from lidar data can be paired with hyperspectral imagery to
identify individual adult trees to species (Graves et al. 2016). Species-specific tree crown
maps derived from airborne high spatial and spectral resolution imagery have
demonstrated the potential to address ecological questions requiring a landscape
perspective (Schimel et al. 2015), such as community assembly across elevation gradients
(Durán et al. 2019).
Our objective is to predict the abundance of tree recruits at broad spatial scales in
a diverse tropical agricultural landscape. We combined 1) species-specific mapped tree
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crowns derived from fused hyperspectral and lidar imagery, 2) field data on recruit
abundance, and 3) property boundary data to quantify how abundance and spatial
distribution of tree recruits are related to seed sources and land management, and to
predict landscape-level recruit abundance. Our work is directly relevant to landscapescale reforestation activities because it improves our ability to identify areas where native
tree recruitment will occur with minimal intervention. We answer the following
questions:
1) Can species-specific tree crown maps from hyperspectral and lidar imagery
improve our ability to predict the abundance of tree species recruits?
2) Does the effect of the total neighboring tree crown area on recruit abundance vary
between tree species?
3) Does land ownership influences tree recruitment abundance?
Given answers to questions (1-3), we then demonstrate how spatial models for tree
recruit abundance could provide decision-support for where natural regeneration is likely
to occur.
Materials and Methods
Study Site
Our study area is located in the Azuero Peninsula of southwestern Panama (Figure
1.1). The average rainfall is 1,700 mm yr-1, and the dry season is from December to
March. The soils are derived from volcanic, plutonic, and sedimentary rocks (Buchs et al.
2010). The Azuero Peninsula was historically dominated by dry tropical forest but was
cleared for timber and ranching during the 20th century, resulting in less than 2% remnant
forest cover (H.P. Griscom et al. 2011). Recently, as off-farm economic activities have

6
led to declines in agricultural activity, tree cover has increased across the region (Sloan
2015) in the form of forest patches, isolated pasture trees, riparian forest corridors, and
live fences (H.P. Griscom et al. 2011). However, areas with tree cover increases are
spatially-dispersed and counterbalanced by areas with tree cover loss (Tarbox, Fiestas,
and Caughlin 2018). Stakeholders in the Azuero increasingly express concern over forest
scarcity, leading to community-driven efforts to restore tree cover to degraded lands
(Metzel and Montagnini 2014). Local interest in restoration parallels national-scale
initiatives, such as Panama's "Alliance for one million", which seeks to restore tree cover
to one million hectares of degraded land. Identifying areas suitable for natural
regeneration will aid these large-scale reforestation initiatives.
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Figure 1.1
Study area in Southwestern Panama. The black lines represent the
properties included in this study. Green colors indicate mostly forest vegetation
cover, and tan colors indicate non-forested land covers. The black dot in the upperright corner displays the location of the study site in Panama. Map data: Google,
Airbus, Maxar Technologies.
Tree Species Selection
To relate the abundance of tree recruits to adult trees in the surrounding
landscape, we used a map of adult tree species derived from aerial lidar and hyperspectral
data (Graves et al. 2016). These aerial data were collected by the Global Airborne
Observatory (GAO; formerly the Carnegie Airborne Observatory) in January 2012
(Asner et al. 2012). The dual-laser waveform lidar scanned data were used to develop a
canopy height model with a pixel size of ~1.13 m that enabled individual tree crown
segmentation (Dalponte and Coomes 2016), resulting in 298,971 crowns across 23,000
ha. The hyperspectral imagery (380–2510 nm; 5 nm bandwidth) was then used in a
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support vector machine (SVM) model to classify segmented crowns to tree species, with
a training data set of 1,112 field-identified tree crowns (see Graves et al. 2016 for
additional details). For our study, we selected five focal species based on two criteria: (1)
the SVM could classify the tree species with high predictive accuracy (F-score >70%)
and (2) the presence of recruits in landscape-scale plots within our study area (Hall and
Ashton 2016). The five species include Byrsonima crassifolia, Calycophyllum
candidissimum, Cedrela orodata, Guazuma ulmifolia, and Enterolobium cyclocarpum.
Together, these five species represent a range of phylogeny, functional traits, and human
use (Appendix A, Table A1). Although the focal study species belong to different
successional stages, all five species survive and grow well in full sunlight during their
first years (Hall and Ashton 2016).
Environmental and Social Covariates
In addition to the mapped tree crowns, we developed two additional covariates as
predictors of tree recruit abundance at landscape scales: elevation and land ownership.
Because topography influences secondary succession (Breugel et al. 2019), we
incorporated it as a predictor variable in our models, using a digital elevation model with
1.13 m spatial resolution, developed from the aerial lidar over our study area (Asner et al.
2012). Preliminary model selection suggested that elevation outperformed slope, aspect,
or topographic roughness indices for predicting tree recruit abundance, so we used
elevation to represent topography in our models.
The majority of land in the Azuero Peninsula is privately owned, and property
boundaries in the region help explain spatial heterogeneity in land cover change (H.P.
Griscom et al. 2011). In addition, private land properties represent a unit commonly used
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in restoration interventions (Oliveira Fiorini et al. 2020). To account for land ownership
in our models, we used a cadastral dataset developed by Panama's National Authority for
the Administration of Lands and provided by the Fundación Pro Eco Azuero. As a
predictor variable, we used the identity of the parcel in which recruit abundance was
measured (Appendix A, Figure A1).
Field Data on Tree Recruit Abundance
We measured tree recruit abundance in July 2018 by counting individuals of our
focal species in transects stratified across the landscape. We defined tree recruits as
individuals at least 0.5 m in height but < 1 cm in diameter at breast height (DBH). We
measured tree recruit abundance in transects of 100 m x 5 m, separated into 25 m2
quadrats. The 100 m length of transects helped ensure that each transect could include a
range of surrounding tree crown densities. To span a range of land ownership, we
stratified transect placement across 30 properties (Figure 1.2), placing between one and
three transects within each property. When possible, we placed one transect per property
into each of the three major habitats in the study area: riparian corridors, active pasture,
and secondary forest. We used habitats to stratify within the different tree covers across
the landscape. In total, our sampling scheme resulted in 1,100 quadrats representing 2.75
ha.
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Figure 1.2
Placement of transects in the study area in a typical parcel. Transects
in the field are allocated in (1) secondary forest, (2) active pasture, and (3) riparian
forest. Colored polygons represent the five target species in the study and are a
subset of mapped individual tree crowns from Graves et al. (2016). Map data:
Google, Airbus, Maxar Technologies.
Linking Mapped Tree Crowns to Tree Recruit Abundance
To develop models that account for the relationship between tree crowns and
recruit abundance, we measured total tree crown area in neighboring landscapes around
quadrats. We separated the tree crown area into the conspecific crown area for each of
our focal species, representing tree crowns of the same species as recruits, and
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heterospecific crown area, representing tree crowns of all other species. We then summed
the tree crown area within 100 m of the center of each 25 m2 quadrat. We chose a
threshold of 100 m based on previous literature that suggests only a small percentage of
tree seeds disperse >100 m (Nathan and Muller-Landau 2000). To improve model
convergence, we standardized covariates by centering around the mean and dividing by
two standard deviations (Gelman 2008).
Model Development
Our primary modeling goal was to evaluate how neighboring tree crowns impact
tree recruit abundance. To accomplish this goal, we developed models of increasing
complexity to test spatial covariates' impact on model predictions.
Tree recruit abundance in heterogeneous landscapes exemplifies overdispersed
count data, which is typically modeled with a negative binomial distribution. An alternate
choice for count data with a large number of zeros is a zero-inflated model (Appendix A,
Zero-inflated model, Eq. 1A; Lachlan et al. 2019). Our fine-scale study design (25 m2
quadrats) and the rarity of recruitment in agricultural landscapes resulted in data rich in
zeros. Therefore, we developed a zero-inflated model that included a binomial
distribution to represent whether recruitment occurred or not, and a negative binomial
distribution representing the likelihood of recruit abundance, conditional on recruitment
(Appendix A, Zero Inflated model).
We began by assessing intercept-only models representing different distributional
assumptions for recruit abundance. The next step was to incorporate elevation as a
covariate to account for spatial variability. We added elevation before any other
covariates because relative to data on land ownership and mapped tree crowns,
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topographic data is widely available at global scales (Brown, Sarabandi, and Pierce
2005). We then added random effects representing land ownership and recruit species
identity to the elevation-only model. These random effects enabled the baseline value for
recruit abundance to vary by property membership or by recruit tree species (random
intercept) and the relationship between elevation and recruit abundance to vary
depending on property membership or recruit tree species (random slopes). In addition to
models with either property membership or recruit tree species as a random effect, we
tested models with both property membership and recruit tree species as random
intercepts and slopes.
Building off models that incorporated elevation, property membership, and recruit
species identity, we added heterospecific and conspecific tree crown area as additional
covariates. Visual examination of the relationship between conspecific tree crown area
and recruit abundance suggested a hump-shaped relationship (Appendix A, Figure A2),
and incorporating a quadratic term for the effect of conspecific tree crowns resulted in
significant improvements in model fit. Thus, we included a quadratic term for conspecific
tree crown area in negative binomial models for abundance. In contrast, including a
quadratic term for heterospecific tree crowns in models for abundance did not improve
model fit and resulted in convergence problems, so we modeled heterospecific tree
crowns using only linear terms.
Next, we expanded models for tree crown area by including random effect terms
that enabled the slope of the tree crown area to vary by recruit species identity and
property membership. These random effects imply that recruit species identity and/or
property membership mediate the relationship between tree crown area and recruit

13
abundance. In sum, our most complex model included heterospecific and conspecific tree
crown area and elevation as variables dependent on recruit species identity and property
membership.
Model Fitting
We used a Bayesian modeling framework with Hamiltonian Monte Carlo
sampling to analyze our data. Our models were run in the Stan programming language
using the brms package in R v. 3.6.3 (Bürkner 2017). We ran twelve chains for 8000
iterations with a warmup of 6000 iterations, resulting in 24000 posterior draws per
model. We assessed the chain mixing and convergence of the parameters using the
Gelman-Rubin statistic (R-hat < 1.1; (Gelman and Hennig 2017) and through visual
examination of chains using trace plots.
Model Selection
We assessed the predictive accuracy of our models for recruit abundance with
out-of-sample data. Our out-of-sample assessment was based on a k-fold approach that
iteratively split quadrat data into 90% training data and 10% test data withheld from
model fitting. We repeated this procedure ten times, with no test data repetition between
folds (Boyce et al. 2002). We then assessed model performance using mean absolute
error (MAE) calculated for each of the ten folds test datasets. MAE can be interpreted on
the data's original scale as the difference between observed and predicted recruit counts
in quadrats.
Results
We located and identified 481 recruits, representing 53 recruits of Bysrsonima
crassifolia, 110 recruits of Calycophyllum candissium, 206 recruits of Cedrela odorata,
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90 recruits of Guazuma ulmifolia, and 22 recruits of Enterolobium cyclocarpum (Figure
1.3). We included a total of 23,875 adult tree crowns from the species-specific tree crown
map with an average crown area of 93 m2 (more details about tree crowns in Appendix A,
Table A2).

Figure 1.3
Landscape-scale abundance of tree species recruits in 2018, Panama.
Black lines represent landowner property boundaries, and histograms display
seedling abundance by species on each of the properties.
Species-Specific Tree Crown Maps’ Potential to Predict Tree Species Recruit Abundance
The best model to predict recruits of all five species included in the mapped
conspecific and heterospecific total tree crown area as a predictor variable with effects
varying by property identity (Appendix Table A3). However, when looking at the model
error by recruits' species, the best model for recruit abundance varied between species
(Appendix A, Table A3). For four out of five species (Byrsonima crassifolia, Cedrela
odorata, Calycophyllum candidissimum, and Enterolobium cyclocarpum), including
conspecific and heterospecific tree crown area as covariates provided better predictions
than models without these covariates. Allowing variability between properties and recruit
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species also improved the predictions of tree species recruit abundance by a 2%
(Appendix A, Table A3).
Effect of Total Tree Crown Area by Tree Species
Conspecific and heterospecific trees did not contribute equally to recruit
abundance (Figure 1.4). Recruit abundance was more strongly related to conspecific tree
crown area than to heterospecific tree crown area. Hereafter, recruit abundance refers to
the recruit abundance predicted by the full zero-inflated model, the number of recruits
refers to the negative binomial phase of the model, and the probability of recruitment
refers to the binomial phase of the model. For an average focal tree species in an average
property, adding one conspecific average-sized tree crown (93 m2) results in a predicted
increase of 8.00% (95% CI: 0.80 to 11.56%) in the number of recruits. In contrast, adding
one heterospecific average-sized tree crown (93 m2) in an average property results in a
predicted increase of only 0.03%, with high uncertainty over whether the heterospecific
tree crown area has a positive or negative impact on the number of recruits (95% CI: -0.
60 to 0.68%). Compared to heterospecific tree crown area, conspecific tree crown area
also had a stronger impact on recruitment probability. For an average tree species in an
average landowner property, adding one conspecific tree crown was predicted to increase
the probability of recruitment by 0.05 (95% CI: -0.04 to 0.14), while adding one
heterospecific tree crown had a near-zero impact on the probability of recruit abundance
(95% CI: -2.26x10-3 to 3.57x10-3).
We found evidence for CNDD with a decrease in the predicted number of recruits
in plots with high conspecific tree crown area (Figure 1.4). Our models produced a
negative estimate for conspecific tree crown area's quadratic effect on the count of tree
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recruits (-0.99; 95%CI: -1.63 to -0.37). For a low total area of conspecific tree crowns,
the conspecific tree crown area's linear term dominates, resulting in an increased number
of recruits. For a high total area of conspecific tree crowns, the quadratic term dominates,
resulting in fewer recruits. For example, at a high density of 60 average-sized conspecific
trees, recruitment abundance is 0.01 (95%CI: 0.00 to 2.8), while at a low density of 23
conspecific trees, recruitment abundance is 0.38 (95%CI: 0.01 to 1.93).

Figure 1.4
Conspecific tree crown area has a stronger positive effect on recruit
abundance than the heterospecific tree crown area. These curves were created using
the model structure of "Individual tree crowns, Species & Property" (Appendix A,
Table A3). Panel A shows the effect of increasing the number of conspecific and
heterospecific tree crowns on the number of recruits of an average species in an
average property, corresponding to the negative binomial model. Panel B shows the
effect of increasing the number of conspecific and heterospecific tree crowns on the
probability of recruiting an average species in an average property, corresponding
to the binomial model. The shaded area in both panels represents 80% credibility
intervals.
Models predicted a robust positive relationship between conspecific total tree
crown area and the number of recruits for all species. Effects of increasing conspecific
tree crowns from zero to one led to a range of increases in recruit abundance from 7.00%
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(95%CI: -2.00 % to 15.00 %) for Enterolobium cyclocarpum recruit abundance to 8.80%
(95%CI: 1.40 % to 16.00 %) increase for Cedrela odorata. Across species, the effects of
the heterospecific crown area on the number of recruits were generally smaller and more
uncertain than the effects of conspecific total tree crown area and varied across species
from positive to negative (Figure 1.5). The effects of heterospecific total tree crown area
on recruitment also varied across species from positive to negative. In the binomial
phase, models predicted a weak and positive relationship between conspecific total tree
crown area and the probability of recruitment for all species ranging from increases in
0.19 (95%CI: -0.06 to 0.31) to 5.04x10-4(95%CI: -0.01 to 0.041) when conspecific tree
crowns in the surrounding landscape increase from zero to one. Across species, the
effects of heterospecific crown area on recruitment probability varied from positive to
negative (Figure 1.5).
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Figure 1.5
Conspecific total tree crown area and heterospecific tree crown area
have different effects on the number of recruits and the probability of recruitment
across all species. Panel A shows the posterior density distribution of conspecific
and heterospecific crown area on the number of recruits on the log-linear scale,
corresponding to the negative binomial model. Panel B shows the posterior density
distribution of conspecific and heterospecific trees on the probability of recruitment
on the logit scale, corresponding to the binomial model. The effects shown represent
the total effects of total tree crown area on recruit abundance with 95% CI,
including the community-level (fixed) effects and the species-level (random) effects.
Land Ownership Influence on Tree Recruitment Dynamics
Property membership can alter relationships between total tree crown area and
recruit abundance (Appendix A, Figure A3). Depending on the property, adding one
conspecific tree crown of average size can lead anywhere from a decrease in recruit
abundance of 1.75% (95%CI: -16.25% to 14.16%) to an increase of 13.43% (95%CI:
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2.43% to 25.75%). Dependence of relationships between total tree crown area and recruit
abundance on property membership was also evident in probability of recruitment, albeit
with less variation than in the number of recruits. Relative to other covariates, elevation
had a weak effect on recruit abundance (Appendix A, Figure A4).
Recruitment Abundance Predictions’ Potential to Provide Decision Support
We illustrate how our modeling framework could be applied to forecast natural
regeneration in two properties of our study area. We applied our best-fitting model
(Model "Individual tree crowns & Property" in Appendix A, Table A3) to forecast recruit
abundance as a continuous surface across property one and property four. Considering a
threshold for natural regeneration as >1 recruit per 25 m2, differences within and between
properties are apparent (Figure 1.6). In property one, the presence of conspecific tree
crowns of Byrsonima crassifolia results in predicted natural regeneration of this species
in 10.05% of the property area (95% CI: 0.00 to 13.59%). On the other hand,
Calycophyllum candidissimum is predicted to have low natural regeneration in this
property (3.51% of the property area; 95% CI: 0.00 to 6.38%), primarily due to negative
density dependence and adverse effects of property identity on the baseline recruit
abundance for this species. In property four, these species-specific predictions show high
natural regeneration for both species, where 21.83% (95% CI: 0.00 to 36.44%) of
property area meets our threshold for natural regeneration of Byrsonima crassifolia, and
20.70% (95% CI: 0.00 to 28.50%) of the area of this property meets our threshold for
natural regeneration for Calycophyllum candidissimum. Altogether, these examples
demonstrate how our models enable species-and property-specific predictions of tree
species recruit abundance in a heterogeneous landscape.
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Figure 1.6

Potential application of models for reforestation decision support.
Parcel identity in Appendix A, Figure A2.
Discussion

Large-scale restoration projects could benefit from ecosystem services provided
by low-cost natural regeneration if we can predict where native species will recruit
(Robin L. Chazdon and Guariguata 2016). We applied a species-specific map of tree
crown area to predict tree recruit abundance in an agricultural landscape. Accounting for
the species identity of neighboring tree crowns improved predictions of tree recruit
abundance. However, the effect of the conspecific and heterospecific tree crown area was
conditional on land ownership. Predicting tree recruit abundance in tropical landscapes
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will require accounting for the identity of trees by separating conspecific trees from
heterospecific trees. Altogether, our results enable predictions of tree species recruit
abundance across landscapes at the resolution of individual trees and the extent of land
management units. High spatial resolution predictions of tree recruitment potential will
enable species and property-specific decision-making and facilitate the integration of
natural regeneration into forest landscape restoration plans.
Predicting Tree Recruitment from Species-Specific Tree Crown Maps
We have demonstrated the potential of species-specific tree crown maps from
hyperspectral and lidar data to improve our ability to predict the abundance of tree
species recruits. Our best model for all species included species variability by
differentiating conspecific from heterospecific neighboring tree crowns. This approach
also allowed including CNDD, which provides another example of a species-specific
process key to predictive capacity in our models. An additional benefit of high spatial
resolution data on tree crown abundance in heterogeneous landscapes is the ability to
account for trees outside forests, including dispersed pasture trees and live fence trees,
that may not be included in coarse forest cover metrics (T. Trevor Caughlin et al. 2016;
Tarbox, Fiestas, and Caughlin 2018).
Improving species classification algorithms' accuracy will aid our capacity to
predict ecological processes, including tree species recruitment. As more accurate
methods for tree crown segmentation and species classification are developed (e.g.:
Dalponte et al. 2019), we anticipate that the predictive capacity of ecological patterns
from tree crown maps will improve. For example, convolutional neural networks have
demonstrated potential species classification accuracies over 90% (Bin Zhang, Zhao, and
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Zhang 2020). A related challenge will be propagating uncertainty from tree crown
segmentation and species classification based on remotely sensed data through ecological
predictions (Maddox et al. 2019).
The Relevance of Species Identity for Recruitment
We found that the effect of conspecific tree crowns on recruit abundance is
stronger than that of heterospecific trees. This is consistent with patterns observed in
other tropical landscapes (Comita et al. 2010) and indicates that differentiating
conspecific from heterospecific is essential to understand patterns in natural regeneration.
Previous tree recruitment studies in tropical landscapes have aggregated conspecific and
heterospecific tree crown area into non-species-specific forest cover (Zahawi et al. 2013;
Holl et al. 2017). Our results suggest that the varying impacts (from weak to strong
effects) of forest cover on seedling recruitment from previous studies may have partially
resulted from the lack of species identity data on reproductive trees in existing forests.
Landscape-scale CNDD provides an example of an ecological process where
differentiating between same and different species is essential for accurate prediction. We
also found evidence for CNDD in our study, with decreased recruit abundance when
conspecific total tree crown area was high. In natural landscapes, CNDD is prevalent
across many tropical tree species and is likely driven by host-specific natural enemies
(Comita and Stump 2020). We suggest that CNDD may also play a role in agricultural
landscapes, including our study area, an agropastoral region subject to hundreds of years
of cattle ranching and continued management.
In contrast to the effects of conspecific total tree crown area, which were fairly
consistent across all species, effects of heterospecific total tree crown area varied widely
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between species. Differences in heterospecific tree crown area effects between species
are suggestive of intraspecific differences in life history. For example, Calycophyllum
canddissimum had a strong positive relationship with heterospecific total tree crown area,
potentially resulting from this species' relatively high abundance during mid-late
succession. Alternately, recruit abundance of Guazuma ulmifolia, a light-demanding early
successional species (Kalacska et al. 2004; Hall and Ashton 2016), exhibited a more
negative relationship with heterospecific total tree crown area. While a higher sample
size of tree species with variable functional traits will be necessary to test these
relationships rigorously, landscape-level, species-specific tree crown maps provide a rich
dataset to improve our understanding of how species functional traits and dispersal
syndromes impact forest succession.
Land Ownership Influence on Tree Recruitment
Cadastral data on land ownership was an important data source for models'
predictive capacity. In our study area, where the vast majority of the land is privately
owned, cadastral data represents differences in land management history with farreaching consequences for ecological processes (T. Trevor Caughlin et al. 2016; Mariana
Valencia Mestre 2017). This spatial variability could result from differences in
landowners' decision-making (Lengkeek 2003; Heather P. Griscom, Griscom, and Ashton
2009) or underlying biophysical differences between properties (e.g. soil fertility; Hall et
al. 2011). A limitation in this study is that we cannot extrapolate recruitment predictions
beyond the sampled properties. Finding drivers of property recruitment variability that
can be measured using sensing could enable to create predictive models in larger areas
than this study. For example, dectecting grass species using hyperspectral data could

24
provide (Schmidt and Skidmore 2001) information of the presence in properties of
invasive grasses used in cattle ranching with negative effects on natural regeneration
(Heather P. Griscom, Griscom, and Ashton 2009). In the context of an ongoing forest
transition in the Azuero Peninsula driven by regional socioeconomic changes (Sloan
2015), understanding the human drivers of spatial heterogeneity at farm scales remains a
critical research need.
Recruitment Abundance Predictions Potential to Provide Decision Support
Overall, predicting tree species recruitment at the scale of individual trees and
properties will improve decision support for reforestation projects (Robin L. Chazdon and
Guariguata 2016). Using models similar to the one we have developed here, restoration
managers could identify target areas with high natural regeneration as low cost
opportunities for forest recovery (Robin L. Chazdon and Guariguata 2016), at the scale of
landowner properties where restoration interventions take place (Oliveira Fiorini et al.
2020). Given that different tree species provide different ecosystem services, and farmer
preference for particular species can vary, forecasts of individual species recruitment will
boost the value of natural regeneration maps. Our work is the first step towards a decision
support tool that could improve species and site selection by providing information on
which tree species are likely to recruit naturally in a given farm.
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CHAPTER TWO: BAYESIAN MODELS FOR SPATIALLY-EXPLICIT
INTERACTIONS BETWEEN NEIGHBORING PLANTS
Abstract
Interactions between neighboring plants drive population and community
dynamics in terrestrial ecosystems, and understanding these interactions has critical
implications for both fundamental and applied ecology. Interaction strength depends on
the distance between neighboring plants, necessitating spatial approaches to model
neighbor interactions. Newly-developing Bayesian methods, such as the Hamiltonian
Monte Carlo algorithm, offer the flexibility and speed to address many of the challenges
associated with fitting spatially-explicit models for interaction strength between plants.
We present a guide for parameterizing models for neighbor interactions in the Stan
programming language and demonstrate how Bayesian computation can assist ecological
inference for plant-plant interactions. Modeling plant neighbor interactions present
several challenges for ecological inference. First, the pairwise data structure of neighbor
interaction matrices often leads to large matrices that demand high computational power
in statistical models. Second, non-linear functions for distance decay often present the
most biologically realistic choice for interaction strength and require modeling tools
beyond a linear or generalized linear model framework. Finally, hierarchical structure in
neighbor interaction data is the norm, including repeated measurements within field plots,
species, and individuals. Complex datasets, including hierarchical terms (e.g., “random
effects”), can result in model convergence problems such as correlations between
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variance and group-level effect terms. We explore modeling choices and solutions for
these challenges with examples representing spatial data on three different plant
demographic rates: growth, germination, and recruitment. An overarching result from our
work is that ragged matrices, which reduce the size of pairwise interaction matrices, can
result in higher efficiency across data types. We also demonstrate how contemporary
metrics for model convergence, including divergent transitions and effective sample size
(ESS), can diagnose problems that result from complex non-linear structures. Finally, we
highlight different model structures for hierarchical terms in neighbor interaction models,
including centered and non-centered parameterizations. We provide reproducible
examples in the Stan programming language to enable a broad range of ecologists to
apply our methods for fitting neighborhood interactions, including solutions to common
problems with model fit. Individual-based models, including spatially-explicit models for
plant neighbor interactions, are becoming increasingly central to many ecological
questions. Our work illustrates how Bayesian computation can provide flexibility, speed,
and diagnostic capacity for fitting plant neighbor models to large, complex datasets. The
methods we demonstrate are applicable to any dataset that includes a measured plant
demographic rate and locations of individual plants, from forest inventory plots to
remotely sensed imagery. Further developments in statistical models for neighbor
interactions are likely to improve our understanding of plant population and community
ecology across systems and scales.
Introduction
Interactions between neighboring plants impact how plants grow, survive, and
reproduce. Although these interactions occur at the scale of individual plants, the
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consequences of neighbor interactions shape population and community structure across
terrestrial ecosystems. Plants tend to do worse in single-species neighborhoods than in
many-species neighborhoods (Sortibrán, Verdú, and Valiente-Banuet 2014), an
individual-level dynamic that helps explain how plant biodiversity is maintained across
ecosystems, from montane deserts (Adler, Ellner, and Levine 2010) to tropical rainforests
(Comita and Stump 2020). Plants can also facilitate the growth and survival of their
neighbors, particularly in disturbed or stressful environments where “nurse plants”
promote faster ecosystem recovery (Adler, Ellner, and Levine 2010). Managing plant
neighborhoods, from thinning dense stands of trees (Cescatti and Piutti 1998; Lechuga et
al. 2017) to planting species that will facilitate their neighbors (Gómez-Aparicio 2009), is
a cornerstone of forestry, restoration, and agriculture. The importance of neighbor
interactions across basic and applied ecology points to the need for statistical approaches
that can quantify how plant neighborhoods impact plant demography. Such analyses must
account for space, as plants interact more with closer neighbors than with neighbors
further away (Figure 2.1).
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Figure 2.1. Spatial structure of a plant neighborhood. The seedling in the center
of the plot experiences a range of neighbor interactions, depending on the
neighbor’s species identity, size, and physical distance.
As an approximation to spatially-explicit models, many studies have used plant
density in a fixed radius (Buckley et al. 2001; Goldberg et al. 2001; LaManna et al. 2017).
Aggregating plant neighborhoods into a single density metric as input to statistical models
requires assuming fixed relationships between distance and interaction strength. Relative
to plant densities, spatially-explicit models enable a more realistic representation of
individual plant traits (Zambrano et al. 2020) and the relationship between neighbor
distance and interaction strength (Keil et al. 2021). However, fitting spatially-explicit plant
neighbor interactions requires accounting for the distance between each pair of potential
neighbors, which can be computationally expensive. Typical sample sizes of >100
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individual plants in ecological studies result in high-dimensional pairwise matrices that
require high amounts of computer memory and processing power to analyze.
A common simplification is to assume that the interaction between neighbors far
from each other is zero, creating an effective neighborhood radius (Stoll and Weiner 2000;
Muller-Landau et al. 2004). Effective neighborhood radii result in matrices with many zero
elements, as most plant neighbors are typically outside of the effective neighborhood
radius. Matrices rich in zeros are found in a wide range of disciplines, from graphics
manipulation to acoustics (Dokmanic et al. 2015), and are known as sparse matrices. While
there are existing methods to optimize computation on sparse matrices (Olson et al. 2016;
Mohr et al. 2017; Turek and Huth 2018; Rawal, Fang, and Chien 2019), these methods
have not yet achieved wide use in ecology.
Another challenge to fitting individual-based models for neighbor interactions is
that interaction strength is almost always non-linear, including strong interactions
between close neighbors and sharp declines in interaction strength when neighbors are
further apart. Unlike linear models with a standard functional form, there are a wide
range of possible non-linear functions (Bolker 2008). Non-linear models are also more
prone to identifiability problems, meaning it is difficult to define a single solution for the
equation (Pickard 1987; Ogle 2009). The challenges of fitting non-linear models point to
the need for flexible methods for model parameterization, including diagnostic metrics to
assess model fit.
In addition to non-linearity, hierarchical structures that violate assumptions of
independence between individual observations can complicate statistical models for plant
neighbor interactions. Hierarchical structures are ubiquitous in ecological data, including

30
individuals representing different genotypes (Zaiats et al. 2020) and individuals nested
within different sites (Schneider, Law, and Illian 2006; T. T. Caughlin et al. 2015).
Bayesian methods present a powerful tool for fitting spatially-explicit plant interactions
models with well-developed protocols for assessing convergence and avoiding local
maxima due to non-linearity and hierarchical structure (Vehtari, Gelman, et al. 2020;
Gelman et al. 2020). Nevertheless, guidance for fitting Bayesian models in the context of
challenges associated with typically large and sparse datasets for neighbor interactions
remains scarce. For example, a common sampling pathology associated with hierarchical
models occurs when correlations between the variance and estimates of group-level
(“random”) effects are high, limiting the ability of the sample to efficiently explore the
probability surface. Solutions to this pathology (e.g. Betancourt and Girolami 2015) have
not yet been explored in the context of non-linear models for neighbor interactions.
In this paper, we provide a roadmap for how Bayesian methodology can fit nonlinear and spatially explicit models for neighbor interactions. Our work builds off a recent
advance in Bayesian inference, the Hamiltonian Monte Carlo (HMC) algorithm, which
has improved sampling efficiency for many problems relative to older algorithms
(Monnahan, Thorson, and Branch 2017). The Stan software package provides an
interface to HMC, including model assessment tools, with high value for fitting neighbor
interaction models (Stan Development Team 2019a). The flexibility of the Stan
programming language provides new opportunities to apply Bayesian methods to large
datasets, including optimization of sparse matrices. In addition, uncertainty and model
assessment metrics provided in the Bayesian framework allow a more intuitive
implementation of hierarchical structures (e.g., random effects; Monnahan et al. 2017,
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Ogle and Barber 2020) in non-linear models with non-normal error structures. Using
multiple examples of plant demographic rates, including growth, germination, and
recruitment, we demonstrate optimization strategies for sparse matrices and alternate
parameterizations for hierarchical structure in neighbor interaction models. By providing
Stan code to fit a range of spatially-explicit neighbor interaction models, our overarching
goal is to enable broader use of these powerful models in ecology.
Materials And Methods
We begin with a general model for a Bayesian neighbor interaction model:
[𝜃𝜃1 , 𝜃𝜃0 , 𝑧𝑧|y]𝛼𝛼[y|𝑧𝑧, 𝜃𝜃0 ][𝑧𝑧|𝜃𝜃1 ][𝜃𝜃0 ][𝜃𝜃1 ]

Equation 1

In Eq. 1, y represents the observed data (e.g., growth, survival, or recruitment), z
represents the latent neighbor interaction process, 𝜽𝜽𝟎𝟎 is a vector of parameters that

represent the physical and biological effect sizes of the attributes of a plant’s location,
and 𝜽𝜽𝟏𝟏 is a matrix of parameters representing the effect sizes of the neighbors’ attributes
(e.g.: DBH, location and species). [𝜃𝜃1 , 𝜃𝜃0 , 𝑧𝑧|y] is the conditional probability density

function (PDF) of 𝜽𝜽𝟏𝟏 , 𝜽𝜽𝟎𝟎 , 𝑧𝑧 given y, [y|𝑧𝑧, 𝜃𝜃0 ] is the conditional PDF of y given 𝑧𝑧, 𝜽𝜽𝟎𝟎 ,
[𝑧𝑧|𝜃𝜃1 ] is the conditional PDF of z given 𝜽𝜽𝟏𝟏 . Lastly, [𝜃𝜃0 ] and [𝜃𝜃1 ] are the marginal

distributions of 𝜽𝜽𝟎𝟎 and 𝜽𝜽𝟏𝟏 respectively. The relationship between the data and parameters

in Equation 1 can be described with a kernel (e.g.: Eq2 from Canham and Uriarte 2006).
Note that this kernel is deterministic and represents the pattern of the ecological process
in the absence of any randomness or error (Bolker 2008).
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𝑛𝑛

𝑦𝑦(𝑝𝑝𝑖𝑖 ) = 𝑔𝑔(𝑝𝑝𝑖𝑖 ) � 𝑓𝑓 �𝑥𝑥𝑖𝑖,𝑗𝑗 �
𝑗𝑗=1

Equation 2
where y(pi ) is the plant i vital rates (y) at a given location pi , g(pi ) is a function

representing the effect of the physical and biological attributes (𝜃𝜃0 ) at point pi , 𝑥𝑥𝑖𝑖,𝑗𝑗 is a

matrix of the attributes of plant j relative to the plant i, and f(x) is a function describing
the effect of individual j on y(pi ), also referred as the interaction kernel. Equation 3
represents an example of an interaction kernel:
𝑓𝑓�𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖,𝑗𝑗 � = �
𝑗𝑗=1

1
𝑎𝑎2 𝑑𝑑𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑗𝑗
Equation 3

where distancei,j is a pairwise matrix that contains the distance from plant j to

plant I and a1 is a parameter representing the relationship between distance𝑖𝑖,𝑗𝑗 and

𝑓𝑓�distance𝑖𝑖,𝑗𝑗 �. These pairwise matrices can become large with increasing sample size
and hence become very computationally intensive. One solution is to assume that

neighbors beyond a distance threshold, or effective neighborhood radius, do not interact
(Ribbens, Silander, and Pacala 1994). When we set the effective neighborhood radius, we
redefine values beyond the radius to zero and transform the pairwise matrix into a sparse
matrix.
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Optimization of Sparse Matrices Using Ragged Matrices in a Neighbor Interaction
Model.
Sparse matrices could be optimized by transforming the sparse matrix into a
ragged matrix (Chalauri, Laluashvili, and Gelashvili 2018). A ragged matrix has a
different number of elements in each row, limiting the use of linear algebra operations on
matrices but reducing computer processing time. In Stan, the built-in function
“segment()” creates a ragged matrix by storing non-zero elements and their position in
the pairwise matrix in a vector of non-zero observations plus two index vectors that
indicate the position of non-zero elements within the matrix (Figure 2.2).
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Figure 2.2
Segment function requires the creation of a vector with no zeroes, an
index of the non- zero values on each matrix row and an index of the position in the
vector of the first values of the matrix rows.
Example 1: Plant Growth
We simulated a spatially explicit data set representing plant growth to
demonstrate how ragged matrices can improve computation time for neighbor models.
We model the growth of stationary plants as a function of their intrinsic growth (i.e.,
growth in isolation) and their local neighborhood characteristics (i.e., neighbor size and
proximity; Eq. 4). To evaluate how choosing an effective neighborhood radius could
introduce bias in parameter estimation, we fit six different models with effective
neighborhood radii of 5m, 10m, 15m, and 20m. The “true” effective radius of this
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simulated data is 10 m. With real data, the decision for radius size should be based on
biological knowledge, for example, root zone area (Zaiats et al. 2020). Alternately, the
effective neighborhood radius can be chosen by testing the predictive performance of
different sized radii (Pacala and Silander 1985; 1987).
The equation below represents our generative model for neighbor-dependent
growth.
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑡𝑡1, 𝑖𝑖 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(𝜇𝜇𝑖𝑖 , 𝜎𝜎 2 )

𝑛𝑛

𝜇𝜇𝑖𝑖 = 𝛼𝛼 + 𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝑡𝑡0 ,𝑖𝑖 + 𝑎𝑎3 �
𝑗𝑗=1

𝑎𝑎

1
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑡𝑡0,𝑖𝑖,𝑗𝑗

2
exp(𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖,𝑗𝑗
𝑎𝑎2 )

Equation 4

In equation 4, sizet0 ,i and sizet1,i are the sizes of plant i at time t=0 and 1,

respectively, distancei,j is the distance between i and neighbor plant j, and sizet0 ,j

represents the size at time t=0 of plant j. α is the intercept, β is the effect of

sizet0 ,i , and parameters a1, a2 , and a3 are the effects of the neighbors’ size and distance.
To estimate parameters from simulated data, we used weakly informative priors,

with α, β, a1, a2, and a3 following a normal(0,5) distribution and sigma following
an exponential(1) distribution.
We fit models in Stan using both a sparse matrix and a ragged matrix approach.
These approaches share a large amount of code, with two main differences between the
sparse and ragged matrices. For the code using the sparse matrix, the data block in Stan
has two sparse matrices containing the distances and sizes of the plants within the
effective neighborhood radius of 10 m. We define N as the number of individual plants.
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int N;

// number of individuals

vector [N] sizemat[N];

//matrix containing the sizes

of the neighbor plants
vector [N] distmat[N];

// matrix containing the dista

nces of the neighbor plants
In contrast, the code using the ragged matrix contains in the data block the three
vectors required to use the segment() function (Figure. 2.2) for size and distance. The
non-zero values from both matrices are stored the vectors size_vector and
dist_vector. Then we create the two index vectors indicating where the non-zero
values were located in the matrices. The two index vectors are the same for distance and
size since the plants that become zero after applying the effective neighborhood radius
are identical in both matrices. We also define obs as the number of non-zero values in the
sparse matrices.
int obs;

// number of non-zero values in the spars

e matrices
vector [obs] size_vector;

//vector containing the non

-zero sizes of the neighbor plants
vector [obs] dist_vector;

//vector containing the non

-zero distances of the neighbor plants
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int pos[N];

// index vector indicating the order in t

he size_vector and distance_vector of the first row numbers
from the size and distance matrices
int n_nb[N]; // index vector indicating number of nonzero values in the size and distance matrices
In the transformed parameter block, a nested for-loop defines an interactions
kernel (Stan Development Team 2019b; Full code in Appendix B, Code for chapter 2,
Simulation sparse matrix code).
for(i in 1:N){
for(j in 1:N){
smat[i,j]=sizemat[i,j]^a1;
dmat[i,j]=distmat[i,j]^2*a2;}}
for(n in 1:N){
kernel[n]=sum(smat[n]./exp(dmat[n]));}
In contrast, in the ragged matrix code, non-zero elements used to create the
neighbor kernel are referenced using vectors from the segment function (Full code in
Appendix B, Code for chapter2, Simulation ragged matrix code). Similar to the sparse
matrix formulation, these calculations take place in transformed parameters block in
Stan:
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for (i in 1:obs){
size_vec[i]=size_observations[i]^a1;
dist_vec[i]=dist_observations[i]^2*a2;}
for (n in 1:N){
kernel[n]=sum(segment(size_vec, pos[n], n_nb[n]))./ex
p(segment(dist_vec, pos[n], n_nb[n]));}
Example 2: Plant Recruitment
To further explore applying the ragged matrix as an optimization strategy in
neighbor interaction models, we parametrized a model using real data on the seedling
abundance of invasive strangler fig trees, Ficus macrocarpa, in Southwest Florida. We
analyze Caughlin et al. (2012) data, which includes the total number of strangler fig
seedlings in fifty-two 30 x 30 m plots along a 250-km transect. Distances to adult fig
trees within an effective neighborhood radius of 300 m were recorded. We model
seedling recruitment using a negative binomial distribution, with a mean (μ) and an over
dispersion parameter (φ):
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝜇𝜇𝑖𝑖 , 𝜑𝜑)
𝑛𝑛

𝜇𝜇𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏 �
𝑗𝑗=1

1
𝐶𝐶𝐶𝐶
𝑐𝑐 + 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖,𝑗𝑗 𝑖𝑖

Equation. 5
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where a is the global intercept and b describes the strength of the interactions kernel,
which decays as a function of c and the distance from plot i to adult fig tree j for n total
adult trees per plot. Similar to other strangler figs, F. microcarpa begins its life cycle by
germinating in the canopy of a host tree. The number of potential host trees in the 30 x 30
m plots, CP, is multiplied by the kernel as an offset, assuming that more host trees create
more opportunities for fig tree seedlings to recruit.
The original study exponentiated a , b and c to keep the parameters positive. To
replicate the previous results, fit with maximum likelihood estimation in Caughlin et al.
(2012), we ensure non-negative values for the mean of the negative binomial distribution
by constraining parameters a , b and c to positive values. However, we note that the loglink is the canonical link-function for the negative binomial distribution and probably a
better way to ensure positive values for future studies (Full code in Appendix B, Code for
chapter2, Real data sparse matrix code).
To fit our Bayesian models, we used a normal distribution with a mean of 0 and a
standard deviation of 100 as a weakly informed prior for parameters a , b and c, and
an exponential distribution with a rate of 0.5 for φ. In this example, there are seedling

plots that do not have any adult strangler fig trees nearby, resulting in zeroes in the n_nb
vector (second row of predictor matrix in Figure 2.2) that we replace with the global
intercept using an ifelse statement (Full code in Appendix B, Code for chapter2, Real
data ragged matrix code).
We estimate the model fitting efficiency between sparse matrices and ragged
matrices by dividing the elapsed time to run 1000 iterations by the effective sample size
(ESS). Iterations are the repeated sampling of the probability surface to look for
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minimum log-likelihood, in which the output of each step is used as the input for the next
iteration. ESS is an estimate of how much the autocorrelation within the chains increases
uncertainty in estimates. Higher ESS indicates lower autocorrelation and decreased
uncertainty in parameter estimates (Stan Development Team 2019b). We also checked
whether estimated parameter intervals recover the parameters used to generate the data by
looking at the posterior distributions. Lastly, we checked common diagnostic metrics to
� , ESS, divergences, energy and Bayesian fraction of
evaluate convergence, such as the R

� was lower than 1.1, all the
missing information. We considered convergence when the R

chains mixed without any divergences, and the ESS was over 10%, which means that we
had enough effective samples so the energy transition density, and the marginal energy
distribution were similar (Vehtari, Gelman, et al. 2020; Gelman et al. 2020).
Centered and non-centered parametrization for random effects in neighbor interaction
models.
Example 3: Plant Seeds Germination
To demonstrate how hierarchical models for plant neighbor interactions can be fit

in a Bayesian context, we analyzed a dataset on seedling germination that includes
multiple individuals nested within field plots in central Thailand. Plant neighborhoods
include seedling and adult trees, all of the same species as marked seeds placed on the
forest floor in 1 m2 plots. The marked seeds comprised a seed addition experiment
spanning a 5 km gradient of tree abundance in a tropical forest. In this study, the effective
neighborhood radius was set at 10 m. The study's primary objective was to quantify how
the density of seedling and adult tree neighbors impacted the probability of seed
germination. More information on the study can be found in Caughlin et al. (2015). We
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model the germination probability of seeds as proportional data using the binomial
distribution and a centered parametrization for the random effects (ω; Eq. 6).
𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔~𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝑛𝑛, 𝑝𝑝)

𝑛𝑛

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝𝑖𝑖,𝑘𝑘 � = 𝜇𝜇 + 𝑏𝑏𝐶𝐶𝐶𝐶𝐶𝐶. 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 + 𝑎𝑎 �
𝑗𝑗=1

𝜔𝜔𝑘𝑘 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0, 𝜎𝜎)

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖,𝑗𝑗
𝑔𝑔 + 𝜔𝜔𝑘𝑘[𝑖𝑖]
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖,𝑗𝑗

𝑎𝑎~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

𝜎𝜎~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

Equation 6

where the input to the binomial distribution includes the total number of seeds added to
each plot (n) and the probability of successful germination events (p). Size is a pairwise
matrix containing the size of the adult trees (j) that affect germination of plant i, and
distance is the pairwise matrix containing the distance between the adult neighbor j and
germinating plant i . μ is the baseline germination, b is the decrease in seed survival as a
function of neighbor density, Con.Seedlingsi is the amount of conspecific seedlings to
represent the crowding effect, a is the parameter that represents the effect of neighbor
size and distance on recruitment, g is the distance decay of the effect of neighbor size and
distance, and 𝜔𝜔 is the random effect of plot k, to account for non-independence between
seeds in the same plot.

A common sampling pathology associated with hierarchical models that include
group-level (“random”) effects, such as the plot-level intercepts to account for seeds
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within the same field plot in Eq 6., is correlations between the variance and estimates of
random effects. These correlations limit the ability of samplers to explore probability
surfaces thoroughly as they can cause a “funnel” shape in the probability density that is
hard to explore by the sampler and can result in poor model convergence (Neal 2011).
Recent work with Hamiltonian Monte Carlo sampling has led to an improved
understanding of fitting hierarchical models, including methods to address correlation
problems in hierarchical structures (Betancourt and Girolami 2013). One solution is to
reparametrize the model, creating a linear model structure to decouple variance from
random effect estimates (Eq.7; McElreath 2017). This solution is often referred to as the
“non-centered parameterization,” in contrast to the “centered parameterization” in which
the levels of the random effects have a common prior, in this case with mean 0 and
standard deviation 𝜎𝜎.
𝜔𝜔𝑘𝑘[𝑖𝑖] = 𝑐𝑐 + 𝜎𝜎𝑧𝑧𝑘𝑘[𝑖𝑖]
𝑧𝑧𝑗𝑗 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)
𝑐𝑐~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

𝜎𝜎~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

Equation 7

In equation 7, the germination distribution and the 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝𝑖𝑖,𝑘𝑘 � are the same as in

equation 6 and then we re-write the random effects centered parametrization

ωk ~nomal(0, σ) as a deterministic sum of the mean and scaled group variances, ωk[i] =
c + σzk[i] (McElreath 2020). Namely, we replace the original variance, σ, with a product

of variance and site-specific scaling parameter, z, sampled from a unit normal prior.
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These unit normal prior causes z to be orthogonal and hence reduces correlation between
the variance and estimates of random effects. In Stan, these changes are easily
implemented and require only minor changes to the model.
For the centered parametrization we create the interactions kernel in the
transformed parameters block using the following code (Full code in Appendix B, Code
for chapter2, Real data centered parametrization code):
for (n in 1:N){
if (am[n]==0){g[n]=mu+ b*Cseedlings[n]+omega[plots[n]];}
else{
g[n] = mu + b*Cseedlings[n] + a* sum(segment(size_observations,p
os[n], nb_b[n]) ./exp(ger*log(segment(dist_observations, pos[n],nb_b[n]
)))) + e[plots[n]];
}
}

while for the non-centered parametrization we add a piece of code before the
interactions kernel in which we parametrize the random effects in a linear model structure
(Full code in Appendix B, Code for chapter2, Real data non-centered parametrization
code):
for (n in 1:M){
omega[n]= mu_omega+ slope_omega[n]*scale_omega;}
for (n in 1:N){
if (am[n]==0){g[n]=mu+ b*Cseedlings[n]+omega[plots[n]];}
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else{
g[n] = mu + b*Cseedlings[n] + a* sum(segment(size_observations,p
os[n], nb_b[n]) ./exp(ger*log(segment(dist_observations, pos[n],nb_b[n]
)))) + e[plots[n]];
}
}

where omega is the random effect, mu_omega is the intercept,
slope_omega[n] is the variance and scale_omega is the scaling parameter. g is
the probability of successful germination events, and Cseedlings is the count of
conspecific seedlings within field plots.
To compare the centered and non-centered parametrization we checked efficiency
by dividing the elapsed time to run 1000 iterations by the ESS. We also compared
posterior distributions between parametrizations and checked common diagnostic metrics
� , divergent transitions, and ESS. We also
to evaluate convergence, including R

graphically explored how well the model sampled the correlated area by plotting the
correlation between the variance and estimates of random effects for the centered
parameterization and between the random effect estimates and one of the parameters
estimated in the linear model structure for the non-centered parameterization. These
convergence metrics and plots provide insight into whether correlations between the
variance and group-level effects occur in the centered parameterization. We also
compared the output from both parametrizations by evaluating model uncertainty and fit
to the original data, calculating the mean absolute error (MAE) between the predictions
and the original data.
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Results
Comparison Between Sparse Matrix and Ragged Matrix Performance
Example 1: Plant Growth
For the model using simulated data on growth, the results showed that the ragged
matrix is more efficient than the sparse for almost all effective neighborhood radii.
However, for the generative effective radius at 10m, both strategies were equally
efficient. Nevertheless, using ragged matrices to fit neighbor interaction remains
advantageous because the greater efficiency of ragged matrices enables faster exploration
of models with different neighbor effect radii (Figure 2.3).
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Figure 2.3
For the models fit using the simulated growth data, the ragged matrix
is more efficient than the sparse matrix for models of all neighbor effects, except 10
m. Note that 10 m was the “true” effective neighborhood radius used to simulate
data. The dashed blue line shows the change in efficiency using the sparse matrix
under different effective neighborhood radii. The solid green line shows the change
in efficiency using the ragged matrix under different effective neighborhood radii.
Smaller values of Time/ESS represent increased efficiency and higher values
represent decreased efficiency.
The ragged matrix and the sparse matrix approaches could recover the true
parameters with an effective neighborhood radius of 10 m. However, the ragged matrix
provided consistently tighter credibility intervals than the sparse matrix at an effective
neighbor radius different than the “true” radius.
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Figure 2.4
The effective neighborhood radius selection is essential to obtain
unbiased estimates. The bias was similar for all the parameters and effective
neighborhood radii, so in this graph, we just show one of the parameters. The
chosen parameter estimates are for a2, which estimates distance decay in the
interaction strength between growth and distance. The green shapes are the
estimates of the segment function parameters. The blue shapes are the matrix
parameter estimates. Each of the shapes corresponds to a different effective
neighborhood radius. The red line is the true parameter used in the simulation. 95%
Credibility Intervals (CI) showed in the figure. Note that the CIs for the 10 and 15
m radii are not visible.
At the 10m and 15m radius using both the sparse and the ragged matrices there
were no divergent transitions in 8000 iterations. For the sparse matrix at 10 m radius and
for the ragged matrix at 10 and 15 m radii, the 𝑅𝑅� for all the parameters was lower than 1.1

and the ESS was over 10%, indicating convergence (Appendix B, Tables B1-B3). Models
� , which indicated poor
fit with other radii showed divergences, low ESS, and high R

convergence for the models using both the sparse and the ragged matrices (Appendix B,
Tables B4-B8).
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Example 2: Plant Recruitment
For the models using the strangler fig trees recruitment data from Caughlin et al.
(2012), model efficiency was greater for the model fit with the ragged matrix. The model
fit with the ragged matrix was 3.6 times more efficient than the model fit with the sparse
matrix, with an efficiency of 3.01e-08 Time / ESS (s) for the sparse matrix relative to an
efficiency of 8.42e-09 Time / ESS (s) for the ragged matrix. However, parameter
estimates were similar for both model parameterizations (Appendix B, Figure. B1), and
produced estimates qualitatively similar to the frequentist maximum likelihood
estimation presented in the original analysis (Figure 2.5). Both of the Bayesian models
converged well (Appendix B, Tables B9, and B10).
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Figure 2.5
The ragged matrix and the sparse matrix approaches obtained similar
estimates of the relationship between recruitment and the distance from a single
parent tree. Curves show the relationship between recruitment and distance from
parent tree parametrized using the sparse matrix, the segment function, and the
frequentist maximum likelihood model fit using the lme4 package (Bates et al. 2015)
from in the original study. The shaded areas around the curves are the 95%
Credibility Intervals (CI).The CI for the sparse and the ragged matrix overlap
mostly. In the areas where they do not overlap the sparse matrix CI is the shaded
area in orange and the ragged matrix is the shaded area in blue.
Comparison Between Centered and Non-Centered Parametrization Performance
Example 3: Plant Seeds Germination
For the models using the seedling recruitment data from Caughlin et al. (2015) the
centered parametrization had an efficiency of 1.02e-05 Time / ESS (s), while the noncentered parametrization sampled nearly 114 times more efficiently, with 8.92e-08 Time
�
/ ESS (s). Both parametrizations showed no divergences, the ESS was over 10%, the R
was lower than 1.1 and the chains mixed well. For this data set, we found minimal

evidence for convergence problems due to correlations between group-level parameters
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and variance terms (Appendix B, Tables A11 and A12). However, when visually
comparing the exploration of the probability surface of the centered and non-centered
parametrization we can observe how the non-centered parametrization was able to
explore the “funnel” shape caused by the hierarchical structures correlation (Figure 2.6).

Figure 2.6
The non-centered parametrization was able to explore the “funnel”
distribution caused by the hierarchical structures correlations, while the centered
parametrization never explored further than the neck of the “funnel” and was not
able to sample in the tail of the distribution. ω is the first plot random effect
coefficient, σ is the variance of the plot random effects in the centered
parametrization and the a is the intercept of the linear structure for the random
effects in the non-centered parametrization.
The parameter estimates were similar for the centered and non-centered
parametrizations, with wider 95% CI for parameters μ and ger for the non-centered
parametrization (Figure 2.7). The error between the observed and predicted germination
was similar for both parametrizations and slightly underestimates germination (Appendix
B, Figure B2). Mean Absolute Error also indicated comparable results between the two
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parameterizations, with a value of 1.196 (95% CI: 0.002 to 4.453) for the centered
parametrization and 1.194 (95% CI: 0.000 to 4.376) for the non-centered parametrization.

Figure 2.7
Posterior distribution of the fixed effect estimated parameters of the
model describing germination rate with distance from adult trees using a centered
and non-centered parametrization. The estimated parameters are similar for both
parametrizations; however the non-centered parametrization has wider 95%CI for
parameters μ and ger compared with the centered parametrization. The 95% CI are
the shaded areas in the posterior distribution.
Discussion
We have demonstrated how to leverage contemporary Bayesian methods to
estimate neighbor interactions from spatial data on plant demography. The pairwise data
structure of matrices representing neighbor interactions often leads to large datasets that
present computational challenges. An overarching result from our work is that ragged
matrices greatly increase computational efficiency, relative to matrices that include
elements for each pair of plants in the study. We also demonstrated how Bayesian models
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can include hierarchical structures in models of neighbor interactions, including
hierarchical structure to account for pseudoreplication between individuals of the same
species or in the same plot (Schneider, Law, and Illian 2006). Correlations between
random effect parameters are inherent to many hierarchical models, and our work
illustrates potential solutions for convergence issues when fitting hierarchical models
with non-linear terms for neighbor interactions. Altogether, we expect that fitting
neighbor models with contemporary Bayesian software packages, such as the Stan
programming language, will open up new opportunities for ecological inference and
prediction on large, complex datasets that include the location of individual plants.
Sparse vs. Ragged Matrices in Stan
Spatially explicit neighbor interactions matrices are frequently simplified using an
effective neighbor radius that sets interaction strength of neighbors beyond the radius to
zero (Stoll and Weiner 2000; Muller-Landau et al. 2004). This simplifying assumption
creates a sparse matrix structure, with many zeros for non-interacting plant neighbors,
that can be computationally inefficient. The solution of using ragged matrices to optimize
computation efficiency in neighbor interaction models increased sampling efficiency
relative to using the entire sparse matrix for a range of neighborhood effect radii, with the
exception of the true neighborhood radius. However, the effective neighborhood radius is
almost never known a priori, so we generally recommend the ragged matrix approach for
faster exploration and selection of different effective neighborhood radii. Built-in
functions in the Stan programming language enable sparse representations of a matrix
that improve storage efficiency but are limited in improving the sampling speed (Stan
Development Team 2019b). Our result show that ragged matrices could significantly
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improve computational speed in addition to storage requirements. We expect that the
generality of our method has broad applicability for spatial problems in ecology that rely
on pairwise matrices, from landscape graph-theoretic connectivity (Urban and Keitt
2001) to pairwise relatedness analysis between individuals (Hardy 2003).
Parameter estimation was similar for the ragged and the sparse matrix and
depended on the size of effective neighborhood radius. A model fit using simulated data
representing plant growth revealed that the most accurate parameter estimates
corresponded to the “true” effective neighborhood radius, with minimal decreases in
accuracy for a bigger radius and larger decreases in accuracy for radii smaller than the
“true” radius. This result is similar to previous frequentist models for plant neighborhood
dynamics Canham and Uriarte (2006), where larger radii provide estimates with lower
biases than smaller radii. Overall, we would recommend erring on the side of including a
larger effective neighborhood radius rather than having a too-small radius regardless of
whether the model is parameterized with a ragged or a sparse matrix approach. An
alternate approach could include estimating the neighbor effect radius simultaneously
with parameters from the neighbor model. Such an approach would enable propagation of
uncertainty from plants left out of the model to model output (Uriarte et al. 2004). The
flexibility of the Stan programming language presents an ideal platform to test and refine
future iterations of models for spatial neighbor interactions.
Hierarchical Modeling
Our results suggest a potential tradeoff between uncertainty in random effects and
sampling efficiency, with narrower uncertainty intervals for the centered parameterization
but higher sampling efficiency for the non-centered parameterization. Although the
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centered parametrization converged and the metrics did not show any sampling problem
that indicated correlation problems, we observed problems exploring the correlated area
of the hierarchical structures. In models that present stronger correlation problems in the
hierarchical structures we would expect non-reliable parameters estimates and
convergence problems instead of the narrower uncertainty that we obtained in this
example (Neal 2011; Betancourt and Girolami 2013). The advantages of one
parametrization over another are highly case-specific and depend on the properties of the
dataset.
The metrics provided by Stan can be essential to decide which kind of
parametrization would be the adequate one. In this study we assessed the centered and
non-centered parametrization of random effects by checking parameters estimations,
model convergence, CI, random effects posterior correlation, efficiency and model fit to
the original data (Gelman et al. 2020). Further research across a range of data structures
and study systems will be necessary to develop concrete recommendations for which
parameterization should be used (Gorinova, Moore, and Hoffman 2020). As the range of
potential hierarchical data structures for neighbor interactions increases, including
temporal (Valenta et al. 2020), spatial (Pu, Umaña, and Jin 2020), and phylogenetic
autocorrelation (Zambrano et al. 2017; Zaiats et al. 2020), developing efficient ways to fit
these models should be a research priority. Automatic parametrization algorithms that
build efficient sampling schemes from the data are a promising research avenue in
applied statistics that could be used to parametrize neighbor interaction models
(Gorinova, Moore, and Hoffman 2020).
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Research Perspectives
An ever-growing body of literature seeks to understand population, community,
and ecosystem dynamics though individual based models (Deangelis et al. 2020; Hardy
2003; Seidl et al. 2012; Romero-Mujalli, Jeltsch, and Tiedemann 2019). Statistical
models that can represent the location of individuals in space are critical to achieving the
promise of individual-based models in ecology. (Canham and Uriarte 2006; Bo Zhang
and DeAngelis 2020). Fortunately, the number of datasets that include data on plant
locations is growing as well. Any dataset where the x and y coordinates of plant
individuals are recorded has potential to serve as the basis for a neighborhood interaction
models. As data sharing becomes the cultural norm, we anticipate that an increasing
number of existing experimental and observational datasets could be used to fit neighbor
interaction models (Soranno et al. 2015). Some examples of existing databases with
spatial coordinates of individual plants include common garden experiments (Zaiats et al.
2020; Madsen et al. 2020) and forest inventories on permanent plots (Lieberman and
Lieberman 2007; Gillerot et al. 2021).
The increasing volume of remote sensing data at the resolution of individual plant
canopies also presents novel opportunities to fit neighbor interaction models. Remote
sensing data that are capable of identifying plant canopies, via computer vision and
machine learning, includes aerial lidar, unoccupied aerial systems (UAS), and high
resolution satellite imagery (T. T. Caughlin et al. 2016; Graves et al. 2016; Adak et al.
2020; Shen et al. 2020). High resolution remotely sensed data could offer unprecedented
opportunities to parameterize individual-based models for vegetation, including
continuous spatial coverage of neighbor interactions across environmental gradients at
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landscape to regional extents such as soil moisture, topography, and soil fertility
(Kemppinen et al. 2018; Misra et al. 2018; Sankey et al. 2021). However, we expect that
increased uncertainty in identifying individual plants from air or space may require
statistical models to disentangle measurement from process error (T. Trevor Caughlin et
al. 2020).
In summary, we have demonstrated how contemporary Bayesian algorithms, such
as Hamiltonian Monte Carlo sampling implemented in the Stan programming language,
provide a flexible and efficient way to fit plant neighborhood models. We also provided
guidelines for ecologists to parametrize neighbor interaction models under a Bayesian
framework using Hamiltonian Monte Carlo. We hope that these guidelines together with
new advances on models parametrizations, and the increasing availability of spatially
explicit data will help to advance the study of population, community, and ecosystem
dynamics though spatially explicit individual based models.
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CHAPTER THREE: ANTHROPOGENIC AND BIOPHYSICAL DRIVERS OF TREE
MORTALITY ACROSS A TROPICAL AGRICULTURAL LANDSCAPE
Abstract
Trees in agricultural landscapes provide a range of ecosystem services and are
critical for maintaining agricultural productivity, storing carbon, and conserving
biodiversity. Declines in tree abundance represent a severe threat to the ecological
integrity of agricultural landscapes. Nevertheless, data on rates and drivers of
anthropogenic and natural individual tree mortality in these landscapes remain scarce, as
the low density of agricultural trees over large areas presents challenges for field
measurements as well as medium-resolution satellite imagery. To overcome these
challenges, we combined a map of tree species at the individual canopy level, produced
using high-resolution hyperspectral and lidar imagery, with field validation data and a
high-resolution image acquired seven years later. Our methods resulted in predictions of
tree crown mortality for 61,918 individuals of five tree species across 23,000 ha of a
tropical agricultural landscape. The large spatial extent of our study area enabled us to
develop and test spatial hypotheses relating tree mortality to anthropogenic, biophysical,
and tree-level factors, including topographic variation, individual tree size, surrounding
tree density, property size, and distance to roads. We found that trees located in small
properties far from roads had a lower mortality probability than trees in large properties
close to roads and that isolated trees had a higher mortality probability than trees
surrounded by other trees. In contrast, we found that tree height and tree crown area had
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minimal effect on tree mortality. Lastly, we found that higher elevations have lower
mortality rates and that site exposure has almost no effect on tree mortality. This study
suggests that anthropogenic factors related to accessibility and property size play an
important role in determining the fate of agricultural trees. Policies and educational
initiatives that target these anthropogenic factors and consider the socio-economic
context could reduce the mortality of agricultural trees.
Introduction
The abundance of trees in agricultural landscapes is decreasing (P. Gibbons et al.
2008), impacting the agricultural ecosystem functionality. Agricultural trees, especially
isolated trees, are carbon sinks, improve landscape connectivity and soil structure, act as
biodiversity reservoirs, and catalyze forest succession (Philip Gibbons and Boak 2000;
Celia A. Harvey et al. 2000; 2006; María Jimena Esquivel and Calle Díaz 2002;
Manning, Fischer, and Lindenmayer 2006; Zomer et al. 2016). Due to their ecological
importance, agricultural trees are likely to both prevent and increase resilience to climate
change (Manning, Gibbons, and Lindenmayer 2009; Vignola et al. 2015). In addition,
agricultural trees provide a range of ecosystem services to landowners (C A Harvey and
Haber 1999; Murgueitio et al. 2011; Maria Valencia Mestre 2017). For example,
agricultural trees can alleviate the effects of drought and flooding and provide shade for
cattle. Retaining these benefits will mean preventing tree mortality caused by ecological
and anthropogenic dynamics in agricultural landscapes. Research suggests that once the
driving factors of mortality are known, management activities could reduce tree
mortality, especially if the drivers have an anthropogenic source (Outcalt and Wade
2004, Breece et al. 2008, Bradford and Bell 2017).
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The drivers of tropical tree mortality in agricultural landscapes have been studied
at local scales in the field (Williams-Linera 1990; Rudel and Horowitz 1996; Mesquita,
Delamônica, and Laurance 1999; Angelo et al. 2004) and at landscape-scales using
remote sensing (Barona et al. 2010; Plieninger 2012; Houghton 2012; Plieninger et al.
2015; Chadid et al. 2015; Sy et al. 2015; Schwartz, Budsock, and Uriarte 2019; R.
Fischer, Giessen, and Günter 2020; Gustafson, Raven, and Ehrlich 2020). However, local
scale studies cannot be generalized to heterogeneous landscapes such as agricultural land.
Most landscape-scale studies are at the pixel level, which does not capture the individual
trees' mortality drivers and excludes isolated trees from the analysis. Individual tree-level
studies are essential to understand how individual tree characteristics, such as size or
species, affect tree mortality (Boudreau et al. 2005; Nguyen et al. 2016; Gora and
Esquivel-Muelbert 2021). Field data, such as tagged trees in forest inventory plots, are a
primary method for measuring individual tree mortality. However, field data are limited
to a small spatial extent, which is problematic for achieving sufficient sample sizes to
analyze mortality events in landscapes with low tree density. Assessing the drivers of
tree mortality at individual tree-level across extents that can capture heterogeneity in
agricultural landscapes remains a challenge. Nevertheless, several studies warn that
agricultural tree cover is decreasing (Ozolins, Brack, and Freudenberger 2001; P.
Gibbons et al. 2008; Plieninger et al. 2015).
Anthropogenic factors occurring across scales can have a strong influence on tree
mortality in agricultural landscapes. Historical land management practices linked to
policies (Brandt et al. 2017) and cultural factors (Geist and Lambin 2001) can have longlasting legacy effects on ecological processes (L. A. Brudvig et al. 2021). Land-use
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transitions linked to market shifts (Rudel et al. 2009; Heagney, Falster, and Kovač 2021),
such as agricultural de-intensification and development for tourism, are also potential
drivers of tree cover change in many landscapes (Gössling 2002; Sluiter and de Jong
2007; Grau and Aide 2008; Cramer, Hobbs, and Standish 2008; Brandt et al. 2019;
Hoang et al. 2020). At an individual tree scale, farmer decision-making remains a strong
determinant of ecological processes (Busck 2002; Lengkeek 2003; M. Jimena Esquivel et
al. 2008; Sánchez-Romero et al. 2021). We might find differences in tree demography
between properties as individual landowners will manage their land to promote the
abundance of certain species in their properties (Garen et al. 2011; Assogbadjo et al.
2012; Metzel and Montagnini 2014). Spatial covariates, including proximity to roads
(Freitas, Hawbaker, and Metzger 2010; Plieninger et al. 2015), surrounding forest cover
(Plieninger 2012), and farm size (M. C. Valencia Mestre, Ferguson, and Vandermeer
2018), represent the numerous effects of anthropogenic factors at different scales and can
be used in predictive models for tree cover change (Tarbox, Fiestas, and Caughlin 2018).
Because anthropogenic factors are essential in shaping agricultural landscapes and can
often be managed more easily than large-scale biophysical factors (Garen et al. 2009;
Casas and Viñuela 2010; Slusser, Calle, and Garen 2015a), identifying the anthropogenic
factors driving tree mortality on the agricultural landscape could lead to policies and
management strategies to prevent tree cover loss.
In addition to human drivers of tree cover change, individual tree characteristics
are likely to influence tree mortality in agricultural landscapes. For example, larger trees
have competitive advantages over smaller trees, such as the capacity to reach deeper
water tables and intercept more light (Binkley et al. 2013). However, large trees are also
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more susceptible to hydric stress, wind damage, and carbon starvation (Laurance et al.
2000; Bennett et al. 2015; McDowell et al. 2018; Schwartz, Budsock, and Uriarte 2019),
especially isolated trees (Williams-Linera 1990). In addition, trees that reach harvesting
sizes are more likely to be logged (Nguyen et al. 2016; Gora and Esquivel-Muelbert
2021). Understanding how tree size relates to mortality rates can improve management
strategies to maintain tree population size. For example, low mortality of large
individuals often means that population growth rates are more sensitive to the loss of
large trees than the loss of small trees (Zuidema 2000).
Finally, topography is an essential driver of tree mortality across heterogeneous
landscapes. Topographic differences can buffer the effects of drought-induced tree
mortality (Guarín and Taylor 2005; Bonal et al. 2016) and how exposed to wind trees are
(Laurance and Curran 2008). For example, slope affects water drainage and runoff, and
aspect affects solar radiation (Guarín and Taylor 2005; Zuleta et al. 2017; Esteban et al.
2021). Topography can also affect the accessibility and suitability of agricultural
activities of an area. Deforestation in flatter low elevations is usually lower than at higher
elevations (Camargo et al. 2005; Silva et al. 2007; Mon et al. 2012; Plieninger et al.
2015).
Disentangling the relative importance of cross-scale drivers of tree mortality,
including individual tree characteristics, human land management, and topography, will
be critical to strategies that conserve tree cover in agricultural landscapes. Biophysical
and anthropogenic dynamics interact at different spatial scales (Gardner et al. 2009; T.
Trevor Caughlin et al. 2019). As a result, these landscapes have a high level of
heterogeneity, and biophysical variables can have unexpected outcomes. For example,
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while trees surrounded by forest might suffer higher mortality due to competition
(Comita et al. 2010), isolated trees in agricultural land can have higher mortality because
agricultural lands are prone to land-use change to more profitable uses (Plieninger et al.
2015). Potential trade-offs between human and biophysical drivers of tree mortality point
to the need for studies of tree cover loss at the resolution of individual trees but with a
large enough extent to represent multiple sources of landscape heterogeneity, from landuse history to topographic variation.
High spatial-resolution remote sensing offers the opportunity to collect individual
tree mortality data over large areas (Paz‐Kagan et al. 2017; Campbell et al. 2020) and can
be coupled with data representing the spatially heterogeneous dynamics between nature
and humans (Torres-Romero and Olalla-Tárraga 2015; T. Trevor Caughlin et al. 2019;
Requena‐Mullor et al. 2019). For example, cadastral data can represent land management
units (Barber et al. In review), and road maps can represent the accessibility of the area
(Tarbox, Fiestas, and Caughlin 2018). Another reason to use high-resolution remote
sensing is the low mortality rates of adult trees (McMahon, Arellano, and Davies 2019;
Arellano, Zuleta, and Davies 2021). In many studies, adult tree mortality approximates a
rate of <0.90 per year, which means that even with data on >100 trees, only one tree on
average would die during an annual study period (Dahlgren 2011; Thomas et al. 2013;
Eitzel et al. 2015). Increasing the sample size to obtain sufficient data to quantify
mortality requires sampling impractically large areas for fieldwork in landscapes where
tree cover is sparse (e.g., agricultural land). We propose using high-spatial-resolution
remote sensing to quantify how large-scale biophysical and anthropogenic factors drive
individual tree mortality in agricultural landscapes.
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This paper evaluates the anthropogenic and biophysical factors driving individual
tree mortality across 23,000 ha of an agricultural landscape. We used high-resolution
remote sensing data, which allowed us to obtain information at a resolution capable of
capturing individual tree characteristics and larger-scale drivers of mortality. We
analyzed a series of possible mortality drivers such as (1) anthropogenic factors including
property size, distance to roads, and surrounding tree cover, (2) tree traits including tree
height and crown area, and (3) topographic variables including elevation and solar
exposure. The overarching goal of our work is to apply novel remotely sensed data to
inform the conservation of agricultural trees in a pastoral region of Southwestern
Panama, broadly similar to many landscapes across Latin America.
Materials And Methods
Study Site
This study takes place in the municipality of Pedasi, in the Peninsula of Azuero,
Panama, and encompasses 23,000 ha (Figure 3.1). The area is characterized by a dry
season from December to March, with most of the average rainfall of 1,700 mm yr-1
falling from April-November. Before the 20th century, dry tropical forests dominated this
landscape; however, human activities such as cattle ranching have reduced the extent of
the dry forest to ~2% of its historical extent (H.P. Griscom et al. 2011). The landscape
comprises active pastures, riparian corridors, an increasing number of touristic areas, and
naturally regenerating areas (Metzel and Montagnini 2014). Low land productivity and
land speculation for tourism is resulting in agricultural de-intensification but is also
prompting farmers to seek the restoration of ecosystem functions, including tree planting
for silvopastoral systems (H.P. Griscom et al. 2011; Slusser, Calle, and Garen 2015b).
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Figure 3.2
Study area in Southwestern Panama. The black lines represent the
388 properties included in this study. Green colors indicate mainly forest vegetation
cover, and tan colors indicate non-forested land cover. The black dot in the upperright corner displays the location of the study site in Panama. Map data: Google,
Airbus, Maxar Technologies.
Tree Species Selection
To identify adult trees present in the landscape in 2012, we used a map of adult
tree species, including 298,971 crowns of 21 species across 23,000 ha (Graves et al.
2016). This map was created using lidar and hyperspectral aerial data collected by the
Global Airborne Observatory (GAO; formerly the Carnegie Airborne Observatory) in
January 2012 (Asner et al. 2012). First, the authors used a canopy height model with a
pixel size of ~1.13 m to produce an individual tree crown segmentation (Dalponte and
Coomes 2016). Then the tree crowns were classified by species using hyperspectral data
(380–2510 nm; 5 nm bandwidth) and a support vector machine algorithm (see Graves et
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al. 2016 for further details). We selected five species that the support vector machine
could classify with high predictive accuracy (F-score >70%) and representative of a range
of phylogeny, functional traits, and human use (Appendix A, Table A1). The species
were Byrsonima crassifolia, Calycophyllum candidissimum, Cedrela orodata, Guazuma
ulmifolia, and Enterolobium cyclocarpum.
Quantifying Tree Mortality Using High-Resolution Remote Sensing Imagery and Field
Data
Out of the 61,589 mapped tree crowns belonging to our five focal species from
Graves et al. (2016), we classified the state of 5,885 trees randomly selected across the
whole 23,000 ha that this study encompasses. First, we identified trees present in the field
in 2012 using the map of trees derived from hyperspectral and lidar data from Graves et
al. (2016). Then we overlaid the mapped outlines of the trees on imagery from 2019
obtained from Google Earth Pro and visually classified the state of the five focal species
trees in 2019 as dead or alive (Figure 3.2). This mortality classification using highresolution remote sensing enabled collecting large amounts of data relevant for tree
demography. However, remote sensing data also introduces new sources of error relative
to field data. From an aerial perspective, trees may be covered by other vegetation, break,
or be obfuscated by atmospheric distortion or phenological changes unrelated to
mortality. These multiple sources of error complicate the detection of tree mortality. To
overcome measurement error in classifying trees as dead or alive from aerial imagery, we
use a model-based approach to account for imperfect detection. Models accounting for
detectability are widely used in wildlife ecology (i.e., occupancy models and capturerecapture; McCrea and Morgan 2014, Broms et al. 2016), and their use in plant ecology
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using remote sensing is increasing (Kellner and Hubbell 2018; T. Trevor Caughlin et al.
2020). Modeling tree mortality conditional on detection allowed us to model both the
mortality process and classification errors simultaneously.
In this study, we had two levels of detection error, false classification of live trees
as dead and dead trees as alive. Following a similar approach to Miller et al. (2011), we
used field validation data to improve detection estimates in models with two categories of
detection error. Our field data includes mortality events for a subsample of 329 trees. The
unambiguous field data, where trees were censused in-person by trained ecologists,
enabled an independent quantification of the probability of tree mortality and its
detection.
To obtain the field data on tree status in 2012 and 2019, we visited 329 trees
across the 23,000 ha of this study. We located the trees with a GPS unit (Bad Elf) with
accuracy <5 m. We confirmed the death of trees by identifying the remains in the field
and excluded trees that had fallen but exhibited regrowth. Pasture trees removed from the
pasture by farmers, including the tree stump, were classified as dead since there were no
trees around that could be confused with the target tree. After the field data collection, the
329 trees measured on the field were also classified using remote sensing by an ecologist
that did not participate in the field data collection to create a detection history.
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Figure 3.3
Mapped trees from 2012 over imagery from 2019. The circular shapes
represent the contour of the tree crowns in 2012. The red shapes are the trees whose
state was ground-truthed and measured using remote sensing to characterize
possible detectability problems, and the yellow shapes are trees whose state was
classified using only remote sensing. The red tree crown on the left corresponds to a
tree's death between 2012 and 2019, and the rest of the tree crowns correspond to
surviving trees between 2012 and 2019. Map data: Google, Airbus, Maxar
Technologies.
Environmental and Social Covariates for the Mortality Model
Based on existing literature, we compiled a list of anthropogenic factors, tree
traits, and topographic variables that might be affecting the mortality of agricultural trees.
Differences in land management strategies could have an impact on tree mortality in
agricultural landscapes. For example, land owners of large areas tend to intensify land
use (M. C. Valencia Mestre, Ferguson, and Vandermeer 2018). To characterize land
management variability in the landscape, we obtained the identities of the properties and
property sizes from a cadastral dataset developed by Panama's National Authority for the
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Administration of Lands and provided by the Fundación Pro Eco Azuero from 2010.
Accessibility and land-use change are two other anthropogenic factors that could affect
tree mortality. Distance to roads is a good estimator of accessibility and risk of land-use
change associated with development (Freitas, Hawbaker, and Metzger 2010; Plieninger et
al. 2015). We calculated distance from trees to roads using the Euclidean distance and a
road's map from 2011 created by the Smithsonian Tropical Research Institute and
provided by the Fundación Pro Eco Azuero (Milton Solano 2011).
We expected larger trees to have higher mortality because of of hydraulic failure,
carbon starvation, and logging (Bennett et al. 2015; Gora and Esquivel-Muelbert 2021).
To represent individual tree size in our models, we extracted tree height and tree crown
area from the map of trees from Graves et al. (2016). We also expected different
mortality rates between species because of species traits (Iida et al. 2014) and because of
different species timber value (Degen et al. 2006), so we extracted species identity from
the map of trees from Graves et al. (2016). Tree densities within 30m could positively
affect mortality through increased competition (Comita et al. 2010). On the other hand,
isolated trees in agricultural land might be logged due to land-use change (Freitas,
Hawbaker, and Metzger 2010; Plieninger 2012) and are more exposed to wind and
drought (Williams-Linera 1990). We estimated tree density as the sum of tree crowns
from all the trees within a 30 m radius from the map of trees from Graves et al. (2016).
This study considers an isolated tree a tree with no tree cover within a 30 m radius.
We expected areas at lower elevations to have higher mortality because they are
more suitable and easy to access for cattle ranching than higher elevations (Camargo et
al. 2005; Silva et al. 2007; Mon et al. 2012; Plieninger et al. 2015). We also hypothesized

69
solar to impact mortality negatively since areas with higher solar exposure are located in
steeper slopes that are more difficult to access (Silva et al. 2007) or a positive impact on
mortality, since trees on areas with higher solar exposure are more likely to suffer from
drought (Schwartz, Budsock, and Uriarte 2019). We obtained topography variables from
a digital elevation model (DEM) with a 1.13 m spatial resolution developed from the
aerial lidar over our study area (Asner et al. 2012). We extracted elevation, aspect, and
slope from the DEM. We then calculated solar exposure using the aspect and slope
(Balice et al. 2000, Johnson and Miller 2006; Eq.8). Solar exposure is an integrative
metric that represents heat stress vegetation experiences on steep, south-facing slopes.
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∙ cos(

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 − 180
)
180

Equation 8

Covariates for the Detection Probability Model
Based on the literature and our observations while remotely measuring mortality,
we created a set of variables that could be influencing the detection probability of tree
mortality. We expected that a higher canopy cover would increase the chance of
misclassification (Vahidi et al. 2018). To represent canopy cover, we extracted the
Normalized Difference Vegetation Index (NDVI) in 2019 around 50 m of the trees from
Landsat imagery in Google Earth Engine to obtain a measurement of tree density that
might influence detection probability on the images. NDVI is closely related to forest
structural metrics in this ecosystem, including tree canopy cover (Caughlin et al. 2016).
We expected that taller trees and trees with bigger tree crowns would be more visible and
harder to misclassify (Cho et al. 2012), and included tree height and crown area in our
detection model. Lastly, we expected trees on higher elevations and flatter slopes to have
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better visibility than trees in lower elevations and steeper slopes (Waser, Ginzler, and
Rehush 2017). Hence, we included elevation and slope extracted from the digital
elevation model (DEM) from the aerial lidar over our study area (Asner et al. 2012) in the
detection probability model.
Model Development
Altogether, our data include 5,885 trees with remotely measured mortality, 329
trees with field and remotely measured mortality, and 55,375 mapped tree crowns that
remained unclassified. The remotely measured mortality potentially includes trees
accurately classified as alive, trees accurately classified as dead, trees falsely classified as
alive, and trees falsely classified as dead. To account for imperfect detection, we used a
Bayesian state-space model with two categories of detection error (Miller et al. 2011,
Chambert et al. 2015; Figure 3.3).
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Figure 4.3
Workflow for developing the state-space model. Blue parallelograms
indicate input data, green parallelograms indicate derived products, ellipses indicate
the type of variable and hexagons indicate processes. 2019 Google Earth Pro:
Google, Airbus, Maxar Technologies, 2012 tree crowns map: Graves et al. 2019,
2019 NDVI: Landsat imagery in Google Earth Engine, 2011 roads map:
Smithsonian Tropical Research Institute and provided by the Fundación Pro Eco
Azuero (Milton Solano 2011), 2010 cadastral data: Panama's National Authority for
the Administration of Lands and provided by the Fundación Pro Eco Azuero from
2010, 2012 digital elevation map: Asner et al. 2012
We created a detection history for remotely sensed trees using zeroes and ones, in
which we sampled each tree twice using two different methods (fieldwork measurement
and remote sensing classification). We used zero when the tree was classified as dead and
one when the tree was classified as alive. For example, a tree that was found to be alive in
the field but dead on the remote sensing classification has a detection history of y=[1,0],
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and a tree that was found to be alive in the field and in the remote sensing classification
has a detection history of y=[1,1].
In our model, zi represents the true state of the ith tree (zi=1 if the tree is alive and
zi=0 if the tree is dead). ψ is the probability of a tree being alive, and 1- ψ is the
probability of a tree being dead. p11 is the probability of a tree being truly alive, and p10 is
the probability of a tree being falsely alive. We can represent our model's probability in a
diagram (Figure 3.4) given this data structure.

Figure 3.4
Tree diagram showing the different probabilities in our model. ψ =
probability of a tree being alive, 1- ψ = probability of a tree being dead, p11 =
probability of a tree being truly alive, 1- p11= probability of a tree being falsely
dead, p10 = probability of a tree being falsely alive, 1-p10= probability of a tree
being truly dead.
Assuming independence between the sampled trees and between sampling
methods, we can write the likelihood of mortality, given the data following Royle and
Link's capture-recapture equation (2006), including two detection levels (p10 and p11;
Equation 9).
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𝑅𝑅

𝑦𝑦

𝑦𝑦

𝐿𝐿(𝑝𝑝11 , 𝑝𝑝10 , 𝜓𝜓, |𝑦𝑦)𝛼𝛼 ���𝑝𝑝11𝑖𝑖 (1 − 𝑝𝑝11 )𝑇𝑇−𝑦𝑦𝑖𝑖 � 𝜓𝜓 + �𝑝𝑝10𝑖𝑖 (1 − 𝑝𝑝10 )𝑇𝑇−𝑦𝑦𝑖𝑖 �(1 − 𝜓𝜓)�
𝑖𝑖=1

Equation 9

Where R is the number of classified trees, T is the survey, and y is the detection
history. In our case, we did two surveys, one in the field and the other using remote
sensing imagery.
The objective of this model is inference on drivers of tree mortality (zi) in the
landscape, so we included all the hypothesized variables in the mortality model. Predictor
variables are tree height, crown size, solar exposure, elevation, tree density in 2012 within
30m, distance to roads, and property size as fixed effects and two random effect intercepts,
one varying by species and the other varying by parcel. We evaluated the strength of the
effects of the variables included in the model using the probability of direction (Dumandan
et al. 2021). The probability of direction is derived from the parameters number of posterior
samples greater or less than zero. For many statistical models, probability of direction has
similar behavior to frequentist p-values. However, unlike a frequentist p-value, the
probability of direction can be directly interpreted as the probability of positive or negative
effects. We tested for correlation between tree height and tree crown area to ensure no
interference between them in the model, and results showed no correlation (correlation=
0.175; 95% CI: 0.167 to 0.183). We modeled z, the true state, and the probability of
detection following a Bernoulli distribution. The model structure is the following:
𝑧𝑧𝑖𝑖 = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜓𝜓)
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𝜓𝜓 = 𝛽𝛽0 +∝𝑠𝑠𝑠𝑠 +∝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 + 𝛽𝛽1 ∙ ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 + 𝛽𝛽2 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽3 ∙ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽4

∙ 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽5 ∙ 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 2012 + 𝛽𝛽7 ∙ 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝛽𝛽8
∙ 𝑝𝑝𝑝𝑝𝑝𝑝𝑐𝑐𝑒𝑒𝑒𝑒 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Equation 10

Where β are the fixed effect coefficients and α are the random effects coefficients.
We conducted model selection to identify which variables best predicted the probability
of detection. We used looic approximation from the package loo in R (Vehtari, Gabry, et
al. 2020) for the model selection (Model selection information in Appendix C). The
structure of the model is as follows:
(𝑦𝑦𝑖𝑖𝑖𝑖 |𝑧𝑧𝑖𝑖 )~𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑀𝑀)

Equation 11

Where M= zip11+(1-zi)p10 for observational state using remote sensing of y=1 and,
M= zi(1-p11 )+(1-zi) (1-p10) for observational states using remote sensing of y=0 (Eq.12).
𝑝𝑝11 = 𝛽𝛽0 + 𝛽𝛽1 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽2 ∙ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑖𝑖 2019

𝑝𝑝10 = 𝛽𝛽0 + 𝛽𝛽1 ∙ ℎ𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑡𝑡 + 𝛽𝛽2 ∙ 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽3 ∙ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑖𝑖𝑖𝑖 2019

Equation 12

For all the trees within the 23,000 ha, we could not classify a total of 55,375 trees.
We treated those trees as missing values for the response variable. The final step was
estimating those values within the Hamiltonian Monte Carlo framework using a
generative model (Nakagawa 2015). When a given observation is missing, we simulated
it using the modeled detection and survival probability given the topography,
socioeconomic factors, and tree characteristics. By simulating the missing observations,
we allow the model to account for the uncertainty linked with having missing values
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across the landscapes, and we ensure that our conclusions are valid across the landscape,
including over the entire database of >60,000 mapped tree crowns (Kellner and Hubbell
2017; 2018; T. Trevor Caughlin et al. 2020).
Results
The repeat field census of tree status revealed that out of 329 trees measured in
2012, 56 had died in 2019. The classification using remote sensing revealed that, out of
6,214 trees, 567 had died in 2019. We validated the remote sensing classification using
the 329 field-validated trees and found that 88.45% of trees were accurately classified
while 11.55% of trees were misclassified (Table 3.1). The highest classification error was
mistakenly classifying dead trees as alive, with an error rate of 37.5%.
Table 3.1
Confusion matrix showing the user accuracy and the producer
accuracy of the classification using remote sensing. The data used for validations is
the mortality data collected in the field.
Field data

Remote sensing
classification

Alive

Dead

User accuracy

Alive

256

21

92.41%

Dead

17

35

32.69%

93.77%

37.50%

88.45%

Producer
accuracy

Mortality Model
Tree density had the strongest effect on mortality, with isolated trees having
higher mortality than trees surrounded by other trees. Tree density had a negative effect
(P direction (θ1,tree density ≤0)= 0.97%) on tree mortality with a decrease of 0.21 (CI95%: 0.00
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to 0.48) from a tree surrounded by 0% tree density in 2012 within a 30 m radius to a tree
surrounded by 100% tree density in 2012 within 30 m radius. The second strongest driver
of tree mortality was elevation, which was the only topographic variable that strongly
affected mortality. Trees at higher elevations had a lower probability of mortality than
trees at lower elevations. Elevation had a negative effect (P direction (θ1,elevation ≤0)= 0.97%)
on tree mortality with a decrease of 0.19 (CI95%: 0.00 to 0.41) from a tree located at 0m
of elevation to a tree located at 370.84m of elevation. In contrast, solar exposure had
almost no effect on tree mortality (Figure 3.5).
Trees further from roads had lower mortality than trees closer to the roads.
Distance to roads had a negative effect (P direction (θ1,distance to roads ≤0)= 0.94%) on tree
mortality with a decrease of 0.12 (CI95%: -0.03 to 0.32) in the probability of mortality
from a tree that is at 0 m from a road to a tree that is 1,653 m from a road. Larger
properties had higher tree mortality than smaller properties. Property size had a positive
effect (Pdirection(θ1,property size ≤0)= 83%) on tree mortality with an increase of 0.11 (CI95%:0.36 to 0.12) on the probability of tree mortality when we change from the smallest
parcel (0.03 ha) to the largest parcel (309.31 ha) (Figure 3.5).
Individual tree size had weak and uncertain effects on tree mortality. Trees with
bigger tree crowns had slightly lower mortality probability than trees with smaller tree
crowns, including large amounts of uncertainty. Crown area had a slightly negative effect
(P direction (θ1,crown area ≤0)= 84%) with a decrease in tree mortality of 0.06 (CI95%: -0.06 to
0.20) from a tree with a tree crown area with a radius of 1.38m to a tree with a tree crown
with a radius of 25m. Tree height had almost no effect on tree mortality. The difference
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in the probability of mortality between a tree of 1m and 40m is near zero (CI95%:-0.08 to
0.09; Figure 3.5).

Figure 3.5
Posterior density distribution of the effect of all the variables included
in the mortality model. The inner lines in the posterior distribution represent the
95%CI, and thicker lines in the posterior distribution represent the mean estimate
for each parameter.
Probability of a Tree Being Truly Alive (p11)
Tree density in 2019 was the stronger predictor for the probability of a tree being
truly alive, with a tree surrounded by low tree density in 2019 being more likely to be
classified as alive when the tree is alive than a tree surrounded by high tree density in
2019. Tree density had a negative effect (P direction (θ1,tree density ≤0)= 0.98%) on the
probability of a tree being truly alive with a decrease of 0.10 (CI95%: 0.01 to 0.18) from
a tree surrounded by 0% tree density in 2019 within a 30 m radius to a tree surrounded by

78
100% tree density in 2019 within 30 m radius. Crown area had weak and uncertain
effects on the probability of a tree being truly alive (Figure 3.6).

Figure 3.6
Posterior density distribution of the effect of all the variables included
in the probability of a tree being truly alive (p11). The inner lines in the posterior
distribution represent the 95%CI, and thicker lines in the posterior distribution
represent the mean estimate for each parameter.
Probability of a Tree Being Falsely Alive (p10)
Trees surrounded by a high tree density in 2019 were more likely to be classified
as dead when the tree is alive than a tree surrounded by a low tree density in 2019. Tree
density had a positive effect (P direction (θ1,tree density ≤0)= 0.94%) on the probability of a tree
being falsely alive with an increase of 0.12 (CI95%: 0.00 to 0.28) from a tree surrounded
by 0% tree density in 2019 within a 30 m radius to a tree surrounded by 100% tree
density in 2019 within 30 m radius. Trees at higher elevations had a slightly higher
probability of being detected as alive when the tree is dead than trees at lower elevations.
Elevation had a slightly positive effect (P direction (θ1,elevation ≤0)= 0.88%) on tree mortality
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with an increase of 0.01 (CI95%: 0.00 to 0.03) from a tree located at 0m of elevation to a
tree located at 370.84m of elevation. Tree height had almost no effect on tree mortality.
The difference in the probability of mortality between a tree of 1m and 40m is near zero
(CI95%:-0.02 to 0.01; Figure 3.7).

Figure 3.7
Posterior density distribution of the effect of all the variables included
in the probability of a tree being falsely alive (p10). The inner lines in the posterior
distribution represent the 95%CI, and thicker lines in the posterior distribution
represent the mean estimate for each parameter.
Discussion
We analyzed tree mortality of 61,918 trees across 23,000 ha using field data and
remote sensing imagery and modeled detection error to avoid parameter estimation bias
related to the remote sensing classification. This study demonstrates the interplay
between natural and human variables as drivers of tree mortality in an agricultural
landscape. Proximity to roads, property size, tree isolation, and elevation showed the
strongest effect on mortality from all of our variables. The mechanisms behind the effect
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of these variables on mortality are likely to result from socio-ecological dynamics. The
large scale of this study was essential to capturing the effects of socio-ecological
dynamics on tree mortality. Novel methods in ecology that can leverage high-spatial
resolution remote sensing data are likely to provide new insight into individual tree
demography across scales.
We found that accessibility and socio-ecological factors associated with land-use
transitions were important drivers of tree mortality in a tropical agricultural landscape.
Trees closer to roads may have a higher mortality probability because they are easier to
access for logging and transportation than trees further from roads (Southworth and
Tucker 2001; Freitas, Hawbaker, and Metzger 2010). Another cause could be land
development close to the roads, which has been observed in agricultural landscapes in
Europe (Plieninger et al. 2015) and areas where the expansion of deforestation is limited
to already deforested land in the tropics (Freitas, Hawbaker, and Metzger 2010). During
the fieldwork, we observed a pattern in which infrastructure construction near the main
road caused the death of several trees between 2012 and 2019. In this case, as in other
tropical coastal areas, this resulted from the increased tourism in the area (Davenport and
Davenport 2006; Potapov et al. 2017; Hoang et al. 2020). Another consequence of
development could be the higher mortality of isolated trees that we observed in this
study, which can occur due to the land-use change to increase profitability (Freitas,
Hawbaker, and Metzger 2010; Plieninger 2012).
Our study also suggests a relationship between property size, which can indicate
agricultural intensity and landowner wealth, and tree mortality. In our study region,
landowners from small properties maintain a higher diversity of valuable trees that enable
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them to diversify their sources of income (Garen et al. 2011; Assogbadjo et al. 2012;
Metzel and Montagnini 2014; M. C. Valencia Mestre, Ferguson, and Vandermeer 2018).
We found that trees on smaller properties are more likely to survive than trees on larger
agricultural lands. In our study landscape, agricultural de-intensification is an ongoing
process affecting smallholders that could increase tree loss. Strategies empowering
smallholders to keep their land and manage it sustainably could be the key to avoiding
the further loss of trees in this agricultural landscape (Camargo et al. 2005; Slusser, Calle,
and Garen 2015a; Sales-Baptista and Ferraz-de-Oliveira 2021).
We expected to find a strong effect of tree size on tree mortality as there is
extensive literature showing that tree size is an important driver of tree mortality
(Laurance et al. 2000; Bennett et al. 2015; Nguyen et al. 2016; McDowell et al. 2018;
Schwartz, Budsock, and Uriarte 2019; Gora and Esquivel-Muelbert 2021). A possible
reason why we may not have detected an impact of tree crown area or tree height on
mortality is the limited range of tree sizes in our sample. First, our study did not include
smaller trees likely to die at higher rates than medium-to-large size trees. Second, the
secondary forest and isolated trees in our study represent trees that may not have reached
the critical heights where hydric failure and senescence begins to occur (Metcalf et al.
2009; Bennett et al. 2015; Zuidema 2000) or harvesting start to be profitable (Nguyen et
al. 2016; Gora and Esquivel-Muelbert 2021). While smaller trees may never be detectable
from remotely sensed data alone, novel methods to combine remote sensing and field
data may provide insight into the full range of demographic transitions across tree size
(Shriver et al. 2021; Barber et al. In review).
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Trees at higher elevations are more likely to survive than trees at lower elevations.
This agrees with other studies that found lower mortality rates at higher elevations;
however, the biophysical mechanisms behind the higher mortality at lower elevations are
still unknown (Wu et al. 2017). Other studies found increased mortality rates at higher
elevations because of exposure to wind (Laurance and Curran 2008). We possibly did not
find a positive effect of elevation on tree mortality because our area is an agricultural
landscape where farmers’ accessibility due to topography might be a stronger driver of
mortality than wind. Flatter areas at low elevations are more attractive for cattle ranching
and might suffer from a more intensive use than higher elevations (Camargo et al. 2005;
Mon et al. 2012). Further research disentangling the mechanisms behind why lower
elevations have higher mortality will require sampling at large scales to capture the
heterogeneous interplay between natural and human variables on agricultural landscapes.
Collecting sufficient mortality data for this study was possible due to the use of
remote sensing. Lidar and hyperspectral data allowed creating tree maps that provide
ecological information in larger areas than what might be feasible with fieldwork
(Hakkenberg, Peet, et al. 2018; Hakkenberg, Zhu, et al. 2018; Dalponte, Frizzera, and
Gianelle 2019; Bin Zhang, Zhao, and Zhang 2020; Sankey et al. 2021). Although
ecological data derived from this kind of remote sensing provides a great amount of
ecological information, high-resolution hyperspectral and lidar remote sensing products
are still limited in availability, particularly for the tropics (Tay, Erfmeier, and Kalwij
2018). Repeat lidar-hyperspectral flights across long time intervals are scarce,
challenging the use of these data alone to quantify ecological processes that require
multiple time intervals, including mortality and growth. This study presented an approach
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using freely available imagery from Google Earth Pro to detect mortality of previously
classified tree crowns from a single lidar and hyperspectral data collection.
A limitation of remotely measure tree mortality is the need to transfer uncertainty
from the classification to the mortality model. We overcame this limitation by modeling
imperfect detection. Models for imperfect detection are well-developed in the ecological
literature, including capture-recapture models for wildlife (Karanth 1995; McCrea and
Morgan 2014) directly transferable to tree crown measurements from the air. Another
limitation of this study is that we could not differentiate between natural mortality and
mortality caused by anthropogenic factors. This limited our capacity to interpret the
underlying dynamics of mortality drivers in agricultural landscapes. For example, the
increased mortality in isolated trees could be caused by a land-use change (Freitas,
Hawbaker, and Metzger 2010; Plieninger 2012) or increased exposure to wind and
drought (Williams-Linera 1990). Without the trees' death cause, we cannot discern
between the anthropogenic factors and the ecological factors that influence isolated trees
mortality. A solution for future research could be using airborne high-spatial resolution
hyperspectral data to detect trees under stress (Zarco-Tejada et al. 2002; Meddens, Hicke,
and Vierling 2011; Näsi et al. 2015) and senescent trees (Santos, Greenberg, and Ustin
2010) and assume that previously healthy trees mortality is anthropogenic and previously
stressed or senescent trees mortality is ecological.
Altogether, high-resolution remote sensing data will be an increasingly powerful
tool to inform the conservation of trees outside forests in agricultural landscapes. Our
results point to the importance of high elevation sites as refugia for trees and suggest that
accessibility, land-use change, and agricultural intensification may be driving tree
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mortality. Policies and educational initiatives addressing agricultural intensification and
land-use change have successfully reduced tree mortality if factors such as governability,
incentives, and markets are considered (Calle et al. 2013; Alix-Garcia et al. 2018; Garrett
et al. 2018; R. Fischer, Giessen, and Günter 2020). Policies and educational initiatives
that target these anthropogenic factors considering the socio-economic context could
reduce the mortality of agricultural trees and maintain the functionality and ecosystem
services that trees provide.
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Zero-Inflated Model
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Equation A1

)𝜇𝜇2 and 0≤ 𝛼𝛼≤1,

𝛿𝛿>0, and 𝜆𝜆>0 are the mean and over-dispersion parameters. The full model describes the
negative binomial phase as in equation A3 and the binomial phase as in equation.A4.
𝑃𝑃~𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜌𝜌)

logit(𝜌𝜌) = 𝑋𝑋𝑋𝑋 + 𝑋𝑋𝛼𝛼𝑠𝑠𝑠𝑠 + 𝑋𝑋𝛼𝛼𝑝𝑝

αsp ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛�𝜇𝜇𝑠𝑠𝑠𝑠 , 𝜎𝜎𝑠𝑠𝑠𝑠 �
𝜇𝜇𝑠𝑠𝑠𝑠 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

𝜎𝜎𝑠𝑠𝑠𝑠 ~student_t(3,0,10)
αp ~𝑛𝑛𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜�𝜇𝜇𝑑𝑑 , 𝜎𝜎𝑝𝑝 �

𝜇𝜇𝑝𝑝 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

𝜎𝜎𝑝𝑝 ~ student_t(3,0,10)

R~𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏(𝜇𝜇, 𝛷𝛷 )
log(𝜇𝜇) = 𝑋𝑋𝑋𝑋 + 𝑋𝑋𝛼𝛼𝑠𝑠𝑠𝑠 + 𝑋𝑋𝛼𝛼𝑝𝑝
𝛷𝛷~𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(0.01, 0.01)
αsp ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛�𝜇𝜇𝑠𝑠𝑠𝑠 , 𝜎𝜎𝑠𝑠𝑠𝑠 �

Equation A2
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𝜇𝜇𝑠𝑠𝑝𝑝 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)
𝜎𝜎𝑠𝑠𝑠𝑠 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

αp ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛�𝜇𝜇𝑑𝑑 , 𝜎𝜎𝑝𝑝 �
𝜇𝜇𝑝𝑝 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)
𝜎𝜎𝑝𝑝 ~𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛(0,1)

Equation A3

Where P is the presence or absence of recruits on a plot, R is the recruitment
abundance, and X is a matrix containing the fixed effects. The fixed effects included in
equation 3 are the conspecific tree crown area, the heterospecific tree crown area, and
elevation. The fixed effects included in equation 4 are the conspecific tree crown area, the
squared conspecific tree crown area, and the heterospecific tree crown area. β are the fixed
effects parameters, and α are the random effects; αsp are species random effects, and αp are
property identity random effects. For the shape of the negative binomial distribution, we
used a non-informative prior (𝑔𝑔𝑑𝑑𝑛𝑛𝑛𝑛𝑑𝑑(0.01, 0.01)) to allow the s hape to ad jus t for t he
over-dispersion of the data.

Model Predictive Capacity per Species
Tree species recruit abundance for two out of five species (Byrsonima crassifolia
and Guazuma ulmifolia) was best predicted when the fixed effects and intercepts varied by
property and recruits species (Appendix A, Table A2 the models named: Species &
Property, and Individual tree crowns, Species & Property). One species' recruit abundance
(Calycophyllum candidissimum) was best predicted when the fixed effects and intercepts
varied by property (Appendix A, Table A2 the models named: Property, and Individual
tree crowns & Property). Another species' recruit abundance (Enterolobium cyclocarpum)
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was best predicted when the fixed effects and intercepts varied by recruits' species
(Appendix A, Table A3 the models named: Species, and Individual tree crowns & Species).
Tables Chapter 1
Table A1
Main species characteristics included in this study. Family and
successional stage was obtained from Kalacska et al. (2004). Human use of tree
species by local framers was obtained from Metzel and Montagnini 2014. Uses: W
=Wood, FR = Fruit/Food for humans, T = Traditional Use, FW = Firewood, PA =
Physical Attributes, LF = Living Fence Posts, M = Medicinal, E = Environmental
purpose, FL = Food for livestock. Dispersal syndromes were obtained from Griscom
and Ashton (2011).
Species
Byrsonima
crassifolia
Calycophyllum
candissium
Cedrela
orodata

Family

Dispersal syndrome

Malpighiaceae

Animal

Rubiaceae

Wind

Meliaceae

Wind

Guazuma
ulmifolia

Enterolobium
cyclocarpum

Sterculiaceae

Fabaceae

Cattle

Cattle & gravity

Successional stages

Human use

Early to mid-

W, PA, FW,

succession

LF, FR, E

Mid to late-

W, PA, FW,

succession

LF

Early to mid-

W, LF, FW,

succession

FL

Early to midsuccession

PA, FW,
LF, FR, FL,
T

Early and late

W, PA, LF,

succession

FL, T

122
Table A2
this study.

Summary of the characteristics of the adult tree crowns included in
Number Average
area (m2)

Maximum

Minimum

area (m2)

area (m2)

Tree crowns

23875

93

349

1

Five focal species tree crowns

3847

114

348

5

Non focal species tree crowns

20028

92

349

1

Species

Elevation

Intercept

Model name

Table A3

Elevation

Species

Fixed Effects

Random effec
ts
(varying inter
cept
and slope)

___

Species

___

___

___

Elevation

___
___

___

Fixed Effects
Random
effects
(varying
intercept)
Fixed Effects
Random
effects
(varying
intercept)

Negative binomial

___

Binomial

Structure

Model

0.185
(0.120/0.264)

0.176
(0.112/0.255)

0.176
(0.112/0.255)

All species

0.136
(0.102/0.173
)

0.136
(0.102/0.173
)

0.137
(0.104/0.175
)

byrscr

0.338
(0.265/0.4
12)

0.188
(0.153/0.2
24)

0.188
(0.153/0.2
24)

calyca

0.349
(0.305/0.40
4)

0.344
(0.305/0.38
8)

0.344
(0.305/0.38
8)

cedrod

0.160
(0.131/0.1
92)

0.169
(0.134/0.2
05)

0.170
(0.134/0.2
05)

guazul

Median of the out of sample MAE (95%CI)

0.042
(0.028/0.0
56)

0.111
(0.077/0.1
49)

0.111
(0.076/0.1
49)

entecy

Median of the out of sample MAE (95% CI) of the 9 models fitted using different combinations of our fixed
effects (elevation, conspecific tree crown area, and heterospecific tree crown area), and random effects (property
boundaries and species identity). In the model name "Species" refers to recruit species. The "All recruits
species" column shows the MAE of the model for all recruits species, while "byrscr", "calyca", "cedrod",
"guazul" and "entecy" columns show the MAE of the model for each species, calculated using a subset of
predictions from the full model. In bold, the lowest errors (best prediction capacity) and underlined the highest
errors (worst prediction capacity). The recruits species are byrscr= Byrsonima crassifolia, calyca=
Calycophyllum candidissimum, cedrod= Cedrela odorata, guazul= Guazuma ulmifolia and entecy= Enterolobium
cyclocarpum
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Tree

crown area

Property

Species &

Property

Model name

Ran
dom effects

d Effects

Fixe

E

P

E

C
onspecific
&
H
eterospecif
ic
_
__

levation,

P
roperty &
S
pecies

levation

roperty

Elevation

Fixed Effects

Ran
dom effects
(var
ying intercept
and
slope)
Fixe
d Effects
Ran
dom effects
(var
ying intercept
and
slope)

Binomial

Structure

Model

pecific

c

&

___

& Heteros

Conspecifi

Species

Property

___

Property

___

Negative binomial

(0.1
12/0.259)

6

0.17

(0.1
10/0.278)

3

0.18

0.174
(0.104/0.257)

All species

(0.
080 /0.136)

07

0.1

(0.
075/0.132)

00

0.1

0.134
(0.095/0.175
)

byrscr

0

0
(
0.136 /0.1
97)

.164

(
0.247/0.4
13)

.324

0.183
(0.147/0.2
24 )

calyca

(0.
295 /0.390)

341

0.

(0.
306/0.464)

374

0.

0.344
(0.298/0.39
7)

cedrod

0.

0.
(
0.169 /0.2
70)

215

(
0.121/0.18
5)

149

0.166
(0.130/0.2
09)

guazul

Median of the out of sample MAE (95%CI)

0.

0.
(
0.080 0.16
6)

120

(
0.031/0.05
4)

040

0.109
(0.072/0.1
51)

entecy
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crowns & property

Individual tree

crowns & Species

Individual tree

Model name

Random effec
ts
(varying inter
cept
and slope)

Fixed Effects

Property

Conspecific
& Heterospecific

Elevation,
Conspecifi
c&
Heterospec
ific
Property

Species

Fixed Effects

Species

Conspecific
& Heterospecific

Elevation,
Conspecifi
c&
Heterospec
ific

Random effec
ts
(varying inter
cept
and slope)

Negative binomial

Binomial

Structure

Model

0.169
(0.102/ 0.264
)

0.176
(0.104/0.286)

All species

0.104
(0.080/0.136
)

0.094
(0.073/0.115
)

byrscr

0.160
(0.133/0.1
94)

0.292
(0.205/0.4
10)

calyca

0.365
(0.296/0.45
5)

0.388
(0.312/0.51
5)

cedrod

0.202
(0.148/0.2
72)

0.161
(0.133/0.1
92)

guazul

Median of the out of sample MAE (95%CI)

0.097
(0.061/0.1
44)

0.038
(0.026/0.0
52)

entecy
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Property

crowns, Species &

Individual tree

Model name

Property &
Species

Fixed Effects

Property
&
Species

Conspecific
& Heterospecific

Elevation,
Conspecifi
c&
Heterospe
cific

Random effec
ts
(varying inter
cept and slo
pe)

Negative binomial

Binomial

Structure

Model

0.173
(0.096/0.326
)

All species

0.093
(0.073/0.11
2)

byrscr

0.233
(0.178/0.
301)

calyca

0.491
(0.320/0.96
3)

cedrod

0.149
(0.119/0.1
91)

guazul

Median of the out of sample MAE (95%CI)

0.041
(0.026/0.0
72)

entecy
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Figures Chapter 1

Figure A1
Study area in Southwestern Panama. The black lines represent the
properties included in this study. Green colors indicate mostly tree and other woody
vegetation covers, and tan colors indicate dry grass cover associated with pastures
and other non-forested land covers. The numbers indicate the 30 properties we
sampled from in this paper. The black dot in the upper-right corner displays the
location of the study site in Panama. Map data: Google, Airbus, Maxar
Technologies.
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Figure A2

Raw data on recruit abundance plotted against conspecific and
heterospecific tree crown area.
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Figure A3
Posterior distribution of the conspecific and heterospecific tree crown
area effects on the number of recruits and the probability of recruitment by
property identity. Panel A shows the conspecific total tree crown area effect on the
number of recruits at each of the 30 properties included in this study. Panel B shows
the heterospecific total tree crown area effect on the number of recruits at each of
the 30 properties included in this study. Panel C shows the conspecific total tree
crown area effect on the probability of recruitment at each of the 30 properties
included in this study. Panel C shows the heterospecific total tree crown area effect
on the probability of recruitment at each of the 30 properties included in this study.
The CI displayed for these posterior distributions is 95%.
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Figure A4
Posterior distribution of elevation effect on the probability of
recruitment by property identity and species. Panel A shows the effect of elevation
on each of the 30 properties included in this study. Panel B shows the effect of
elevation for each of the 5 species included in this study. The CI displayed for these
posterior distributions is 95%.
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APPENDIX B

132
Code For Chapter 2
Simulation Sparse Matrix Code
data{
int N;

// number of individuals

vector [N] size_t0;
vector [N] growth;

// size of focal plants
// growth of focal plants, response

vector [N] sizemat[N];

// full size matrix

vector [N] distmat[N];

// full distance matrix

}
parameters{
real alpha;
real beta;
real sigma;
real<lower=0> a1;
real a3;
real<lower=0> a2;
}
transformed parameters{
vector[N] kernel;
vector[N] mu;
vector[N] smat[N];
vector[N] dmat[N];
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for(i in 1:N){
for(j in 1:N){
smat[i,j]=sizemat[i,j]^a1;
dmat[i,j]=distmat[i,j]^2*a2;
}}
for(n in 1:N)
kernel[n]=sum(smat[n]./exp(dmat[n]));
for(n in 1:N)
mu[n]=alpha+size_t0[n]*beta+a3*kernel[n];
}
model{
alpha~normal(0,5);
beta~normal(0,5);
a1~normal(0,5);
a2~normal(0,5);
a3~normal(0,5);
sigma~exponential(1);

growth ~ normal(mu,sigma);
}
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Simulation Ragged Matrix Code
data{
int N;

// number of individuals

vector [N] size_t0;
vector [N] growth;

// size of focal plants
// growth of focal plants, response

vector [obs] size_vector;

//vector of non-zero size observation

vector [obs] dist_vector;

//vector of non-zero distance observa

s

tions
int pos[N];

// order of the first non-zero values

int n_nb[N];

//number of non-zero values per row

}
parameters{
real alpha;
real beta;
real sigma;
real<lower=0> a1;
real a3;
real<lower=0> a2;
}
transformed parameters{
vector[N] kernel;
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vector[N] mu;
vector[obs] size_vec;
vector[obs] dist_vec;
for (i in 1:obs){
dist_vec[i]=dist_observations[i]^2;
size_vec[i]=size_observations[i]^a1;
}
for(n in 1:N)
kernel[n]=sum(segment(size_vec, pos[n], n_nb[n]))/
exp(segment(dist_vec, pos[n], n_nb[n])*a2));
for(n in 1:N)
mu[n]=alpha+size_t0[n]*beta+a3*kernel[n];
}
model{
alpha~normal(0,5);
beta~normal(0,5);
a1~normal(0,5);
a2~normal(0,5);
a3~normal(0,5);
sigma~exponential(1);

growth ~ normal(mu,sigma);
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}

Real Data Sparse Matrix Code
data {
int N;

//number of available places for recruitment

int K;

//number of parent trees

vector [K] dist[N];

//array containing N vectors with K distan

ces
int x[N];

//count of seedlings

int CP[N];

//count of cabbage palms

vector [N] one;

//vector of ones for the division

}
parameters {
real<lower=0> a;
real<lower=0> b;
real<lower=0> c;
real<lower=0> phy;
}
transformed parameters{
real mu[N];
real aa[N];
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for(i in 1:N) {
aa[i] = sum(ones[i] ./(c+dist[i]));
}
for (n in 1:N){
mu[n]=(a+b*aa[n])*CP[n];
}
}
model{
a~normal(0,100);
b~normal(0,100);
c~normal(0,100);
phy~exponential(0.5);

x~neg_binomial_2(mu,phy);
}

}

138
Real Data Ragged Matrix Code
data {
int N;

//number of available places for recruitment

int K;

//number of non-zero parent trees

vector [K] distrag;

//vector containing all the non-zero dista

nces
int x[N];

//count of seedlings

int CP[N];

//count of cabbage palms

int n_nb[N];

//vector giving the amount of non-zero values

int pos [N];

//vector giving the position of non-zero values

vector [N] one;

//vector of ones for the division

}
parameters {
real<lower=0> a;
real<lower=0> b;
real<lower=0> c;
real<lower=0> phy;
}
transformed parameters{
real mu[N];
real aa[N];
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for(i in 1:N) {
aa[i] = sum(one[i] ./(c +segment(distrag,pos[i],n_nb[i])));
}

for (n in 1:N){
if (n_nb[n]==0){mu[n]=a;}
else{
mu[n]=(a+b*aa[n])*CP[n];
}
}
}
model{
a~normal(0,100);
b~normal(0,100);
c~normal(0,100);
phy~exponential(0.5);

x~neg_binomial_2(mu,phy);

}
}
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Real Data Centered Parametrization Code
data {
int N;

//number of plots

int K;

//number of non-zero parent trees

int M;

//number of random levels

vector [K] sizeN;

//matrix of neighbor size

vector [K] distN;

//matrix of neighbor distances

int x[N];
int seeds[N];
int am[N];
int pos [N];

//number of seedlings
//number of seeds
//vector giving the number of non-zero values
//vector giving the position of non-zero values

int Cseedlings [N];
int plots[N];

//random effect of plots

}

parameters {
real a;
real b;
real<lower=0> ger;
real mu;
real e [M];

//number of conspecific seedlings
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real sigma_plot;

}
transformed parameters{
real<lower=0, upper=1> s[N];
real g[N];

for (n in 1:N){
if (am[n]==0){g[n]=mu+ b*Cseedlings[n]+omega[plots[n]];}
else{
g[n] = mu + b*Cseedlings[n] + a* sum(segment(sizeN,pos[n],am[n]
) ./
exp(ger*log(segment(distN,pos[n],am[n])))) + e[plots[n]];
}
}

}
model{
a~normal(0,1);
b~normal(0,1);
ger~normal(0,1);
mu~nomal(0,1);
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e~normal(0,sigma_plot);
sigma_plot~normal(0,1);

x~binomial_logit(seeds,g);
}
}

Real Data Non-Centered Parametrization Code
data{
int N;

//number of plots

int K;

//number of non-zero parent trees

int M;

//number of random levels

vector [K] sizeN;

//matrix of neighbor size

vector [K] distN;

//matrix of neighbor distances

int x[N];
int seeds[N];
int am[N];
int pos [N];

//number of seedlings
//number of seeds
//vector giving the number of non-zero values
//vector giving the position of non-zero values

int Cseedlings [N];
int plots[N];
}
parameters {

//number of conspecific seedlings

//random effect of plots
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real a;
real b;
real<lower=0> ger;
real mu;
real mu_omega;
real slope_omega[M];
real scale_omega;

}
transformed parameters{
real<lower=0, upper=1> s[N];
real g[N];
real e [M];

for (n in 1:M){
omega[n]= mu_omega +slope_omega[n]*scale_omega+;
}
for (n in 1:N){
if (am[n]==0){g[n]=mu+ b*Cseedlings[n]+omega[plots[n]];}
else{
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g[n] = mu + b*Cseedlings[n] + a* sum(segment(sizeN,pos[n],am[n]
) ./
exp(ger*log(segment(distN,pos[n],am[n])))) + e[plots[n]];
}
}
}
model{
a~normal(0,1);
b~normal(0,1);
ger~normal(0,1);
mu~nomal(0,1);
el~normal(0,1);
mu_plot~normal(0,1);
gamma_el~normal(0,1);

for (n in 1:N){
x~binomial_logit(seeds,g);
}
}
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Tables Chapter 2
Table B1
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 10m using the sparse matrix

Table B2
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 10m using the ragged matrix
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Table B3.
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 15m using the ragged matrix

Table B4
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 5m using the sparse matrix
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Table B5
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 15m using the sparse matrix

Table B6
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 20 m using the sparse matrix
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Table B7
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 5 m using the ragged matrix

Table B8
Parameters estimations and convergence metrics for the simulation at
an effective neighborhood radius of 20 m using the ragged matrix
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Table B9
Parameters estimations and convergence metrics for the model using
the strangle fig tree recruitment data using the sparse matrix

Table B10
Parameters estimations and convergence metrics for the model using
the strangle fig tree recruitment data using the ragged matrix

Table B11
Parameters estimations and convergence metrics for the model using
the seedling recruitment data using the ragged matrix and a centered
parametrization of the random effects
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Table B12
Parameters estimations and convergence metrics for the model using
the seedling recruitment data using the ragged matrix and a non-centered
parametrization of the random effects
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Figures Chapter 2

Figure B1
Parameters posterior density of the model describing seed dispersal of
invasive strangler fig trees parametrized using the ragged matrix and the sparse
matrix. Both parametrizations provided similar estimates and 95%CI. The 95% CI
are the shaded areas in the posterior distribution.
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Figure B2
Predicted germination against observed germination for the centered
and non-centered parametrizations. Both parametrization present similar
differences between the predicted and observed germination and slightly
underestimate germination.
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APPENDIX C

154
Detection Probability Model Selection
We tested different combinations of variables that could influence detection
probability in high-resolution imagery from Google Earth Pro, such as NDVI in 2019,
crown area, tree height, elevation, and slope (Table C1). We evaluated the model's
predictive capacity using the looic approximation from the package loo(Vehtari, Gabry,
et al. 2020). The package's output provides the difference between the expected log
pointwise predictive density for a new dataset (elpd_diff). We consider models different
in more than one elpd_diff to have a significant difference in a predictive capacity. We
choose models for p11 and p10 that had as few variables as possible in common but that
had lower elpd_diff than1 to avoid identifiability problems while using the best predictive
model (Table S2 and S3).
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Table C1
Combination of variables and models tested using the looic
approximation to select the models with the best prediction capacity of detectability
Model name

Variables

Model I

Intercept

Model 1

NDVI in 2019, crown area

Model 2

NDVI in 2019, tree height

Model 3

NDVI in 2019, crown area, elevation

Model 4

NDVI in 2019, crown area, slope

Model 5

NDVI in 2019, tree height, elevation

Model 6

Crown area

Model 7

Crown area, slope

Model 8

Crown area, elevation

Model 9

Tree height

Model 10

Tree height, slope

Model 11

Tree height, elevation

Model 12

Slope, aspect, elevation

Model 13

Slope

Model 14

Elevation
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Table C2
Result of the looic approximation for p10. elpd_diff = the difference
between the expected log pointwise predictive density for a new dataset
elpd_diff
Model 3

0.0

Model 2

-0.4

Model 1

-0.5

Model 5

-0.8

Model 8

-0.9

Model 4

-1.2

Model 12 -1.6
Model 6

-2.4

Model 7

-3.0

Model I

-5.7

Model 11 -5.7
Model 10 -6.0
Model 9

-6.9
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Table C3
Result of the looic approximation for p11. elpd_diff = the difference
between the expected log pointwise predictive density for a new dataset
elpd_diff
Model 1

0.0

Model 3

-0.7

Model 4

-1.2

Model 6

-2.4

Model 2

-2.5

Model 8

-3.0

Model 5

-3.1

Model 7

-3.4

Model I

-4.3

Model 13

-5.1

Model 12

-5.5

Model 9

-5.6

Model 14

-5.6

Model 11

-6.5

Model 10

-6.8

